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 1General introduction

Abstract
Recent advances in the characterization of different breast cancer types have 
intensified our focus on the discovery of druggable targets for the development 
of more selective breast cancer treatments. Breast cancer-related deaths have 
markedly decreased with the discovery of endocrine agents (e.g. tamoxifen and 
aromatase inhibitors) and trastuzumab that selectively target ER- and HER2-
expressing breast tumors, respectively. This serves as a motivation to continue to 
define potential druggable targets for hormone receptor- and HER2-negative 
(triple-negative) breast cancers that do not respond to endocrine therapies or to 
trastuzumab and for which cytotoxic chemotherapy is the only systemic treatment 
option.
In-depth characterization of breast tumors is imperative for the development of 
targeted therapies. Here we review the phenotypic and genotypic characteristics 
of hereditary BRCA1- and BRCA2-mutated tumors relative to triple-negative 
breast cancers and sporadic breast tumors. We discuss differences in comparative 
genomic hybridization (aCGH) profiles, TP53 mutation status and compare these 
with characteristics of cognate BRCA1- and BRCA2-deficient mouse mammary 
tumors. 

1. Introduction

Breast cancer is the most common malignancy in western women, who have a greater 
than 12.7% life time risk of developing this disease. In 2007, an estimated 1.3 million 
new cases were diagnosed world wide, and 0.4 million of breast cancer patients died 
of the disease (1). Breast cancer incidence and death rates generally increase with age, 
illustrated by the fact that in the US, between 2002-2006, 95% of new breast cancer 
cases and 97% of breast cancer-related deaths occurred in women aged 40 and older 
(2). Improvements in early breast cancer detection and development of new treatment 
strategies have caused U.S. breast cancer deaths rates to decrease by 37% between 
1990 and 2005 (3). Breast cancer treatment may involve local treatment (surgery, 
radiation therapy) alone or in combination with systemic treatment (chemotherapy 
or hormonal therapy). However, all of these systemic treatment strategies have 
unwanted side effects that can range from temporary infertility (in case of hormonal 
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treatments and chemotherapy) to toxic side effects of chemotherapy. In the past ten 
years it has become clear that there are several subtypes of breast cancer, each with 
their distinct biological features, clinical outcomes, and responses to chemotherapy. 
This new knowledge has led to the realization that not all breast cancers can be treated 
in the same way. This initiated the pursuit for treatment strategies based on individual 
tumor characteristics, so that the patient receives treatments to which her breast 
cancer will likely respond, without having to suffer from side-effects from treatments 
that are expected not to have an effect. The development of such tailored therapies 
for different tumor types depends on the identification of tumor characteristics that 
may constitute druggable targets.

2. Normal mammary gland morphology

The phenotypic diversity of breast cancers is closely linked to the morphology of 
the normal mammary gland and the molecular signals to which different types 
of normal mammary epithelial cells are exposed. In the normal mammary gland, 
lobules and ducts are lined with a double layer of epithelial cells: an inner layer of 
luminal cells and an outer layer of basal/myoepithelial cells that are in direct contact 
with the basement membrane. The morphology of the healthy breast is subject to 
continuous changes as a result of fluctuating plasma levels of ovarian sex hormones, 
such as estrogen and progesterone. These hormones influence the morphology of 
female reproductive organs in order to create a monthly chance for conception and 
subsequent pregnancy.
In the healthy, premenopausal mammary gland only 7%-15% of the epithelial cells 
express the estrogen receptor (ER) (4, 5). ER-positive cells often also express other 
hormone receptors, such as the progesterone (PR) and the prolactin (PrlR) receptors 
allowing response to changes in levels and ratios of hormonal signals. These hormone 
receptor positive cells exert paracrine signals to surrounding ER-negative cells (6-8), 
so that together they induce changes in mammary gland morphology corresponding 
with the phase of the estrous cycle (9-11). Interestingly, proliferating epithelial cells 
of the premenopausal breast rarely express hormone receptors, and conversely ER-
positive cells only rarely divide (4, 12, 13).
Not much is known about differential proliferation rates of specific cells within the 
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 1postmenopausal mammary gland. When ovarian sex hormone production stops 
during menopause, the reproductive organs become atrophic. In the breast, this drop 
in plasma hormone levels causes a marked involution of the terminal ductal lobular 
units (TDLUs) (14). Interestingly, this process is accompanied by an increase in ER 
and PR expression in the epithelia of the residual ducts and small remnants leading 
to predominantly ER-positive postmenopausal breast tissue (14, 15). In conclusion, 
the fraction of hormone receptor expressing cells and overall gland morphology is 
completely different between the functional premenopausal breast gland and the 
atrophic postmenopausal breast gland.

3. Hormone receptor- and HER2-positive breast cancer

Clearly, ER and PR expression are important determinants of normal mammary 
epithelial cells, but to a great extent they also determine breast tumor characteristics 
and treatment choice. Approximately 60-80% of all breast tumors are ER-positive 
(16-19) which sensitizes them to treatment with systemic hormonal therapies such   
as tamoxifen and raloxien, designed to inhibit estrogen signaling. Based on clinical 
testing, tamoxifen has a good risk benefit ratio in premenopausal women whereas 
raloxifene has a better safety profile in postmenopausal women (20). In addition, 
CYP19 aromatase inhibitors (AIs) were developed to inhibit the conversion of 
androgens (produced in the adrenals) into estrogens by a process called aromatization 
(21, 22). AIs, such as anastrazole are effective in postmenopausal women, because they 
effectively inhibit the conversion of androgens into estrogens that occurs in peripheral 
tissues such as adipose tissue (23). AIs are not given to premenopausal women whose 
ovaries are still functioning because a temporary inhibition of estradiol production 
in the ovaries will raise gonadotropin levels which stimulates follicular growth and 
thereby estradiol production (24). Therefore, to inhibit follicular growth stimulation, 
premenopausal breast cancer patients are given the option to temporarily suppress 
ovarian function by injections with gonadotropin releasing hormone (GnRH) agonists 
(OFS) which, counterintuitively, inhibits gonadotropin function. However, the low 
estrogen levels caused by AIs and OFS can cause serious, sometimes intolerable 
side effects such as arthralgia (joint pain) and osteoporosis. Therefore, and because 
tamoxifen with OFS is at least as effective as anastrozole with OFS in premenopausal 
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patients (25), clinicians still prefer the use of tamoxifen over AIs in premenopausal 
patients. In postmenopausal patients, clinical attention is also starting to revert back 
to tamoxifen because, similar to premenopausal patients, side effects associated  with 
tamoxifen are often better tolerated compared to those associated with AIs (26-28, 
Sabine Linn, personal communication). Although the optimal hormonal therapy is 
subject of debate among clinicians, it is has become clear that hormonal therapies 
are effective strategies to target ER-positive breast cancers. Indeed, their efficacy in 
the adjuvant and metastatic setting has contributed significantly to the reduction in 
breast cancer deaths over the last twenty years (3). 
In 1985, the HER2 receptor, a member of the epidermal growth factor receptor 
(EGFR) family was found to be amplified and highly expressed in 20-30% of breast 
cancers (29, 30). This led to the development of trastuzumab, a HER2 targeting 
monoclonal antibody (31) which showed a remarkable beneficial effect when 
administered to patients with HER2 positive breast cancers both in the adjuvant 
setting (32-34) and the metastatic setting (35). 
In the clinic, the availability of endocrine agents and HER2-targeting therapeutics 
has led to the routine practice to stain breast tumor sections for ER/PR and HER2 
expression, in order to select the most promising systemic treatment. Its success 
recognized the importance of tumor characterization for prediction of therapy 
response to guide treatment choice.

4. Triple-negative and basal-like breast cancer

Approximately 15-20% of all breast tumors stain negative for ER, PR and HER2. 
These so called triple-negative breast cancers (TNBCs) do not respond to endocrine 
therapies or to trastuzumab. For patients with TNBC, cytotoxic chemotherapy is 
the only option for adjuvant treatment (36). Most ER-negative breast cancers, occur 
predominantly in premenopausal women and are associated with young age: the 
younger the woman, the greater the chance that her breast tumor is ER-negative or 
TNBC (17). Compared to other breast cancer patient groups, women with TNBC 
have a lower recurrence-free and overall survival, regardless of disease stage at time 
of diagnosis (37-39). However, patients with early stage TNBC have a decreased 
risk for a local relapse following locoregional radiotherapy and significantly higher 
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 1rates of pathological complete remission after neoadjuvant chemotherapy, indicating 
that these tumors are generally sensitive to these therapies (40-42). This sensitivity 
of the primary TNBC to neoadjuvant treatment with DNA-damaging agents 
and radiotherapy might be an indication of a specific feature of this tumor type. 
Identification of these specific features may allow targeting the metastatic TNBC in 
other ways than systemic treatment with cytotoxic chemotherapy (43).
Tumor classification by gene expression profiling has made a major contribution to 
the characterization of breast tumors. The landmark studies from Perou and Sorlie 
showed that breast cancers can be divided into five major molecular subtypes by 
linking histological features with hierarchical clustering of gene expression profiles 
(44-46). Tumors derived from a luminal cell type are mostly ER/PR-positive 
and CK8/18 positive and their expression profiles clustered into two separate 
branches, denoted Luminal A and Luminal B. Gene expression profiles of tumors 
overexpressing the HER2 receptor clustered in a separate “HER2-positive” branch. 
Similarly, expression profiles of breast tumors that are histologically very similar to 
normal breast tissue clustered in a separate “normal breast like” branch. Interestingly, 
TNBCs largely overlapped with tumors that clustered in a separate branch, which 
was termed “basal-like” because of the high expression levels of genes that are specific 
for basal/myoepithelial cells of the normal breast (47-49). These markers include basal 
cytokeratins (5/6, 14 and 17), p-cadherin and caveolin 1 (37, 45, 50-53) Historically, 
a subgroup of aggressive breast carcinomas showing features of myoepithelial/ basal 
differentiation was identified by histopathological methods (54-59).
Basal-like breast cancers (BLBCs) as determined by expression profiling show an 
approximate 70-80% overlap with TNBCs as determined by immunohistochemistry 
(IHC) (37, 60). Expression of basal markers CK5/6, CK17, CK14 and EGFR 
identifies a biologically and clinically distinct subgroup of TNBCs, justifying the 
use of basal markers in TNBCs to define BLBC (61). In support of this, a 5-marker 
BLBC group (ER/PR/HER2 negative, CK5/6 and EGFR positive) corresponded to 
the poor prognosis subgroup within the 3-marker (ER/PR/HER2 negative) TNBC 
group, highlighting the prognostic impact of the basal-like CK5/6 and EGFR 
markers (62). BLBCs often express both luminal and basal cytokeratins, suggesting 
that BLBCs may have more features of a dual-lineage differentiation phenotype than 
the subgroup of TNBCs that do not express basal cytokeratins and/or EGFR (43, 
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61, 63). 

5. Hereditary breast cancers

Since cancer is a disease caused by genomic alterations, mutations in genes 
involved in safeguarding genomic integrity can confer an increased overall cancer 
risk. Indeed, increased breast cancer risk is associated with germline mutations in 
several genes involved in DNA repair mechanisms and cell cycle control: BRCA1, 
BRCA2, CHK2, ATM, NBS1, RAD50, BRIP1, PALB2, TP53 and PTEN (64, 65). 
Approximately half of all hereditary breast cancers are associated with heterozygous 
germline mutations in BRCA1 or BRCA2. Recent estimates of cumulative breast 
cancer risk at age 80 are 90% and 41% for BRCA1 and BRCA2 mutation carriers, 
respectively (66). Like the BLBCs, breast tumors from BRCA1-mutation carriers are 
associated with a young age of onset, with high tumor grade, with TP53 mutations 
and with the poorly differentiated basal-like phenotype (42, 67-70). Breast cancers 
of BRCA2-mutation carriers are also associated with a young age of onset, but to a 
lesser extent than BRCA1-related tumors (65, 71). In contrast to BRCA1-related 
breast cancers, BRCA2-related tumors are not of any specific tumor type. Therefore, 
although both BRCA1 and BRCA2 are involved in DNA repair, BRCA1- and 
BRCA2-related breast cancer show marked phenotypic differences. The exact reason 
for this difference is unclear, but may in part relate to the reported role of BRCA1 in 
mammary epithelial cell differentiation (72).

6. Molecular functions of BRCA1 and BRCA2

The BRCA1 gene was cloned in 1994 (73), and the BRCA2 gene a year later (74). 
Molecularly, the BRCA1 and BRCA2 proteins are very different: with its 3418 
amino acids, BRCA2 is larger than BRCA1, which has 1863 amino acids. Although 
BRCA1 and BRCA2 are structurally unrelated, both proteins have been implicated 
in error-free DNA double-strand break (DSB) repair by homologous recombination 
(HR) (75, 76). Cells with non-functional BRCA1 or BRCA2 revert to error-prone 
DSB repair by non-homologous end joining (NHEJ) or single-strand annealing 
(SSA), resulting in genomic instability and ultimately to tumorigenesis (77). BRCA1 
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 1has also been implicated in cell cycle checkpoint (78), protein ubiquitination (79, 80) 
and chromatin remodeling (81-83) .
In line with their structural differences, BRCA1 and BRCA2 have distinct functions 
in the DNA damage response (DDR) pathway. BRCA1 appears to be a DDR signal 
integrator that binds to many proteins and thereby targets them to the sites of DSBs. 
BRCA2, on the other hand, may play a more direct role in DSB repair by facilitating 
RAD51-mediated nucleoprotein filament formation on single-stranded DNA.

Roles of BRCA1 and BRCA2 in the DDR pathway 

Following DNA damage, a DSB is recognized by the Mre11/RAD50/NBS1 
(MRN) complex, which keeps adjacent DNA ends together before the repair process 
starts (84). The MRN complex recruits the ataxia telangiectasia mutated protein 
(ATM) which in turn phosphorylates BRCA1 (85, 86) and the histone H2AX in 
the chromatin domain flanking the DNA break, leading to more MRN and ATM 
binding, thus propagating the damage signal throughout the chromatin domain (87). 
The role of BRCA1 in the chromatin domain is not clear, but it might function 
as a signal for the activation of other components of the DDR machinery, or by 
modifying the chromatin structure surrounding the lesion in order to facilitate repair 
of DSBs (88).
At the site of the DSB, CtIP functions to regulate DSB end-processing and the 
generation of ssDNA which is avidly bound by RPA. ssDNA-RPA also recruits 
the ATM and Rad3-related protein kinase (ATR), triggering ATR-dependent 
checkpoint signaling by the protein kinase Chk1 (89). ATM and ATR activate 
the BRCA1-BARD1 complex by phosphorylating BRCA1 (85, 86, 90, 91), which 
is necessary for the formation of RAD51 filaments required for the DNA strand 
invasion and homology search steps associated with HR (92). A mediator complex 
including BRCA1-BARD1 and BRCA2-DSS1, probably bridged by PALB2 
(partner and localizer of BRCA2) replaces RPA with RAD51 (93, 94). In this step, 
the RAD51 loading is provided by BRCA2, which interacts directly with RAD51 
through its BRC repeats (75, 95-99). BRCA1 also interacts with RAD51 (95, 100, 
101), but the exact nature of this interaction is unknown. However, many proteins 
involved in RAD51 function are products of hereditary cancer predisposition genes, 
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implying that the genomic instability resulting from failure to adequately regulate 
HR plays a causal role in cancer (64).

7. BRCA1-related breast cancer and BLBC 

The great majority of breast tumors that occur in carriers of a heterozygous germ-line 
BRCA1-mutation share many phenotypic features with BLBCs: they stain negative 
for ER/PR and HER2 and express CK5/6 and CK14, CK17, and they are often 
TP53 mutated (45, 67, 102). Indeed, BRCA1-associated breast cancers and BLBCs 
have similar gene expression profiles (103). Like TNBC and BLBC, BRCA1-related 
tumors are associated with a young age of onset and early (<5 year) relapse, and both 
tumor types have a similar increase in pulmonary and brain metastases and reduction 
in bone metastases, compared to sporadic tumors (104, 105). 
Since the vast majority of BRCA1-mutated breast cancers have a BLBC phenotype, 
BRCA1 dysfunction - or a related defect - could be a shared feature of both 
tumor groups. Indeed, recent studies have hinted towards a role for BRCA1 in the 
differentiation of mammary epithelial cells (106, 107). Depletion of BRCA1 up-
regulates expression of genes involved in proliferation but down-regulates expression 
of differentiation-associated genes in a 3D cell culture system (106). Reduction of 
BRCA1 levels in human mammary epithelial cells led to an increase in stem cell-
like cells and a reduction in ER-positive cells in vitro, and resulted in outgrowth of 
abnormal, undifferentiated structures in vivo, suggesting that loss of BRCA1 blocks 
luminal differentiation, leading to an increase in stem/progenitor cells (72). 

8. Chemosensitivity of BRCA1-mutated breast cancers and BLBCs

Presumably due to the indispensable role of BRCA1 in DNA repair, BRCA1-
deficient cells have been found to be extremely sensitive to DNA-damaging and 
DNA cross-linking agents such as cisplatin (108, 109). Preclinical studies in mouse 
models showed that also BRCA1-deficient tumors are highly sensitive to cisplatin 
(110). In line with this, a pilot study in patients with TNBC showed that neoadjuvant 
cisplatin therapy yielded a complete pathologic response in 9/10 breast tumors from 
BRCA1-carriers (111).
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 1Another, more elegant therapeutic strategy to target HR-deficient cells makes use of 
the fact that BRCA1- and BRCA2-deficient cells are highly sensitive to inhibition of 
the base excision repair (BER) pathway, which results in accumulation of DSBs due 
to replication fork collapse at unrepaired SSBs. Whereas HR-proficient non-tumor 
cells can repair these DSBs by their intact HR-pathway, HR-deficient tumor cells 
can only utilize error-prone DSB repair pathways such as NHEJ and SSA, leading 
to gross chromosomal rearrangements and apoptosis or mitotic catastrophe. This 
synthetic lethal interaction between BRCA1/2 mutation and BER inactivation is the 
rationale behind the design of chemical inhibitors of poly(ADP-ribose) polymerase-1 
(PARP1), a key enzyme in the BER pathway (112, 113). Indeed, the clinical PARP-
inhibitor olaparib (AZD2281, from KuDOS-AstraZeneca) caused regression of 
BRCA1-deficient mammary tumors in mice (114). Furthermore, phase I and phase 
II clinical trials showed that olaparib as single agent has durable, objective antitumor 
activity in BRCA1- and BRCA2-mutation carriers with metastatic breast, ovarian 
or prostate cancer (115, 116). Another phase II study showed that TNBC patients 
treated with a different PARP inhibitor (BSI-201, BiPAR) in combination with 
standard gemcitabine and carboplatin chemotherapy had a significantly increased 
progression free survival compared to TNBC patients who received standard 
chemotherapy alone (117).
Together, these promising results suggest that platinum drugs and PARP inhibitors 
might not only be effective against BRCA1/2-mutated tumors but also against non-
hereditary tumors with defects in HR. This raises the intriguing possibility that a 
subset of patients with non-hereditary BLBC might benefit from treatment with 
platinum drugs, alkylating agents or PARP inhibitors. Obviously, this requires 
careful selection of patients on the basis of yet to be developed biomarkers for HR 
deficiency.

9. TP53 mutations in sporadic and BRCA-associated breast cancer

Somatically acquired mutations in the TP53 gene occur in approximately half of all 
human cancers including breast cancers (118). TP53 mutation is a frequent event 
during malignant transformation because of its dual role in tumor suppression. TP53 
(also known as transformation-related protein or tumor protein 53) can be activated 
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by p53‑stabilizing protein ARF following oncogenic stress (119) or other stress 
signals such as membrane damage, oxidative stress, or osmotic shock. However, TP53 
can also be activated by the DDR pathway kinases ATM/ATR and CHK1/CHK2, 
through direct phosphorylation or through destruction of the negative regulators 
MDM2 and MDM4 (120). 
Small numbers of DNA breaks or single stranded gaps can already lead to activation 
of TP53 (121), which, depending on the severity of DNA damage, regulates gene 
expression needed to activate DNA repair, growth arrest or apoptosis pathways (122-
124). For this reason, survival of genomically instable cells with BRCA1 or BRCA2 
dysfunction cells could depend on abrogation of TP53 mediated apoptosis by TP53 
mutation. Indeed, in mouse models, Trp53 mutation rescues the lethality of Brca1-/- 
and Brca2-/- embryos to a later developmental stage (72, 125-129). Moreover, Trp53 
deletion markedly accelerates mammary tumor formation in mammary gland-
specific Brca1 and Brca2 knockout mice (72, 128-130). In line with this, BRCA1- 
and BRCA2-mutated breast tumors are associated with an increased frequency of 
TP53 mutations (131-136). TP53 mutation is strongly associated with high grade, 
hormone receptor negative, basal like breast tumors and with increased global 
genomic instability (137-140) characteristic of BRCA1-related breast tumors and 
BLBCs (36, 141, 142). Furthermore, TP53 mutations have recently been associated 
with a poor prognosis in breast cancer patients (143) and squamous head and neck 
cancer patients (144) but also with increased sensitivity to high-dose chemotherapy 
or dose-dense epirubicin-cyclophosphamide (145-147). 
TP53 mutations reported in human tumors are commonly missense mutations that 
occur at hotspots in the DNA binding domain of TP53. Because active TP53 is a 
tetrameric complex of TP53 monomers, heterozygous TP53 mutations can result 
in the production of dominant-negative (DN) mutant TP53 proteins that bind 
and inactivate the wild-type TP53 protein encoded by the non-mutated allele. 
This gives rise to accumulation of mutant TP53 protein, which can be assessed 
by immunohistochemical staining with a TP53 antibody (148-150). In the clinic, 
this method has been commonly used to identify TP53 mutations in tumor tissues. 
An important limitation of this method is that it does not detect TP53 mutations 
that do not give rise to an accumulation of TP53 protein. As a result, the reported 
TP53 mutations in human cancers may be biased toward dominant-negative TP53 
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 1mutations. Indeed, the vast majority of TP53 mutations in the IARC TP53 database1 
are hotspot mutations, with an especially high mutation frequency at residues Arg175, 
Arg248 and Arg273 (151).
Aside from dominant-negative TP53 mutations, TP53 mutation can lead to TP53 
loss-of-function (LOF), which is frequent among missense mutants, but especially 
associated with truncating frameshift, splicing and nonsense mutations that lead 
to nonsense-mediated mRNA decay (152). Also, TP53 mutation can give rise 
to a TP53 protein with gain-of-function properties (GOF), which confers new 
functions to the mutant TP53 protein that are independent from wild type TP53 
function. For example, TP53 mutants such as R175H, Y220C and R248W bind 
and inactivate TP53 family members p63 and p73, which are transcription factors 
involved in promoting apoptosis (153, 154). Furthermore, the D281G TP53 mutant 
with a functional transcription-activation domain has been suggested to activate 
MDR1 activation, leading to protection from drug induced apoptosis (155, 156). 
Although TP53 mutants have been shown to regulate several additional genes (157), 
a common mechanism for mutant TP53 regulated gene transcription is lacking, due 
to differences in TP53 mutations and effects (158). 
Although in a large-scale study that analyzed 1,794 patients with breast cancer, 
found evidence for DN, LOF and GOF TP53 mutants, most TP53 mutations were 
missense mutations (142). However, a substantial fraction of breast cancers and head 
and neck cancers contain truncating TP53 mutations (136, 143, 144, 159, 160), which 
have been found to have a prognostic value similar to TP53 hotspot mutations (143). 
Although truncation mutations are commonly associated with loss of function, for 
each individual TP53 truncation mutation it remains to be established whether the 
truncated TP53 alleles are still expressed, or whether they can still exert residual 
TP53 functions or express a TP53 protein with a GOF.
Our finding that TP53 mutation occurs in almost all BRCA1-related and BLBCs, 
with a similar increase in truncating TP53 mutations could point to a strong selection 
for TP53 mutation in both the BLBCs and BRCA1-mutated breast tumors and 
perhaps to a common HR deficiency (136, 159) (Chapters 4 and 5 of this thesis). 
This common feature may (partly) explain the increased sensitivity to high-dose or 

1 http://www-p53.iarc.fr
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dose-dense chemotherapy in TP53-mutated BLBCs and BRCA1-related breast 
tumors and BLBCs (145-147). In line with this, Bartz et al showed that silencing of 
BRCA1 enhanced cisplatin cytotoxicity approximately 4- to 7-fold more in TP53-
deficient cells than in matched TP53 wild-type cells (161). Thus, tumor cells with 
combined disruptions in TP53 and BRCA1/2 network genes are more sensitive to 
cisplatin than cells with either disruption alone (161).

10. Comparative genomic hybridization analysis of breast cancer

The frequent occurrence of DNA copy number aberrations (CNAs) in breast cancers 
was recognized by conventional cytogenetics. However, the clinical implications of 
CNAs in breast cancer became clear with the finding that HER2/ERBB2 gene 
amplification, which occurs in 20-30% of human breast cancers, is associated with a 
poor clinical prognosis (162). The search for additional CNAs that could be markers 
for prediction or prognosis in cancers has led to the development of comparative 
genomic hybridization (CGH) and subsequently array-based CGH (aCGH) 
techniques to measure CNAs in sample (tumor) DNA relative to normal diploid 
DNA (163-165).
Initial aCGH studies showed that tumors from BRCA1- and BRCA2-mutation 
carriers have a greater degree of genomic instability compared with sporadic breast 
tumors, which is associated with their HR deficient phenotype (166-169). However, 
there are only minor differences between the genomic profiles of BRCA2-mutated 
breast tumors and sporadic breast tumors (167) (Chapter 3 of this thesis), which 
is in agreement with the overlapping phenotype of BRCA2-mutated and sporadic 
tumors (67, 170). Of note, aCGH analysis of 26 male breast cancers, including five 
tumors from BRCA2 mutation carriers, suggests that BRCA2-mutated tumors have 
more chromosomal aberrations than sporadic tumors and that, despite substantial 
hormonal differences, similar genetic changes are selected for during development of 
male and female breast cancer (168, 171).
Although the genomic aberrations in BRCA1-mutated breast tumors are distinctly 
different from those in luminal sporadic tumors(172), this aCGH profile is shared 
between BRCA1-mutated breast tumors and TNBC/BLBC (67, 170, 173, 174) 
(Chapter 5 of this thesis). This led to the idea that sporadic tumors with a BRCA1-
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 1like aCGH profile might have an unknown BRCA1 mutation or another mutation 
giving rise to genome instability. Previously, Wessels et al. generated a CGH classifier 
for identification of BRCA1-related breast tumors, based on chromosomal arms 
3p, 3q and 5q. This classifier was able to predict the presence of BRCA1 germline 
mutations with an accuracy of 84% (166). Indeed, using an optimized BRCA1 aCGH 
classifier, two of 48 breast tumors from patients with a family history of breast and 
ovarian cancer could be identified as BRCA1-associated tumors (172). Vollebergh et 
al. evaluated the BRCA1 aCGH classifier as a tool to effectively identify BRCA1-
like sporadic tumors that respond to high-dose alkylating therapy (175). Excitingly, 
they found that patients with a BRCA1-like aCGH profile had a high complete 
remission-rate and long progression free survival after high-dose chemotherapy with 
carboplatin, thiotepa and cyclophosphamide.

One question remains: are there any specific BRCA1- or BRCA2- related genomic 
aberrations in BRCA1- or BRCA2-mutated tumors, or is the pattern of genomic 
aberrations mainly characterized by cell type? Comparison of the genomic profiles of 
hereditary BRCA1-mutated tumors with non-hereditary BLBCs and comparison of 
BRCA2-mutated tumors with sporadic breast cancers yielded only few BRCA1/2-
specific genomic aberrations (Chapters 3 and 5 of this thesis). This suggests that 
the patterns of genomic aberrations selected for during tumor development are 
not markedly influenced by BRCA1/2-mutation. Rather, BRCA1/2 loss appears 
to facilitate development of DNA amplifications and deletions, leading to more 
intensified but otherwise similar patterns of genomic aberrations in BRCA1-mutated 
tumors vs. non-hereditary BLBCs and BRCA2-mutated tumors vs. sporadic breast 
cancers. 

11. Cross-species oncogenomics to identify novel breast cancer genes 
and drug targets

Although the different types of human breast cancers have been analyzed extensively 
by gene expression profiling and by aCGH analysis, there has been limited progress 
in identifying the functional significance of recurrent CNAs in breast cancers, even 
when integrating both techniques (176, 177). Recurrent genomic aberrations usually 
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span large regions containing many genes, making it difficult to identify the gene 
that drives selection for the development of a gain or a loss during tumorigenesis. An 
additional difficulty is that genes that are amplified are not necessarily overexpressed 
(178, 179). However, when a gain or loss occurs at the same genomic region in 
multiple tumors, there must be an underlying selection pressure (180). A first step 
in the identification of the object of this selection pressure is to identify the minimal 
region of overlap of recurrent CNAs using computational methods such as GISTIC 
(181) or KC-SMART (182) (Chapter 2 of this thesis). Nonetheless, distinguishing 
unknown driver genes from passenger genes remains a major challenge. The molecular 
mechanisms that govern cancer-relevant processes such as cellular proliferation and 
survival are, however, conserved through evolution (183, 184). Therefore, aCGH data 
from tumors derived from genetically engineered mouse models can be used as a 
filter for identifying genes that represent strong candidates for a role in human cancer 
development (184). Indeed, several studies have compared mouse and human cognate 
cancers and this has allowed association of oncogenes with genomic aberrations. 
Cross-species comparisons of aCGH data from human and mouse neuroblastomas 
(185, 186), and similarly, epithelial ovarian cancers (187) yielded several conserved 
genetic aberrations. Likewise, comparison of aCGH profiles from mouse and human 
hepatocellular carcinomas identified Yap and cIAP1 to act synergistically as oncogenes 
in a syntenic focal amplicon (188). Also, metastatic cell lines from a mouse Ras-
activated melanoma model contained an amplicon on the Nedd9 locus, which was 
overexpressed in human metastatic melanomas (189).
An important difference between mouse and human cancer development is that 
the engineered mutations in mouse models predispose to relatively rapid tumor 
formation, which circumvents the long incubation time required for accumulation 
of genomic mutations in human tumorigenesis. Indeed, most genetically engineered 
mouse models do not show the high levels of chromosome instability associated 
with human cancers. Therefore, “triple knockout” mouse models with combined 
deficiencies in p53, telomere maintenance and DNA damage signaling have been 
generated to produce mouse T-cell lymphomas with highly complex genomes (190). 
Cross-species comparison of aCGH profiles from these mouse lymphomas with 
profiles from human T-cell acute lymphoblastic leukemia/lymphoma (T-ALL) 
identified FBXW7 and PTEN to be commonly deleted both in mouse and human 
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 1tumors.
We have used a similar approach in an attempt to identify driver genes in the aCGH 
profiles from human BRCA1- and BRCA2-mutated breast cancers and cognate 
mouse Brca1∆/∆;Trp53∆/∆ and Brca2∆/∆;Trp53∆/∆ mammary tumors. We assumed 
that the genomic instability induced by BRCA1/2 loss in human and mouse 
mammary epithelial cells facilitates amplification and/or deletion of syntenic regions 
harboring orthologous driver genes. However, as with human BRCA1/2-deficient 
breast cancers, it is difficult to distinguish driver mutations from the background 
of passenger mutations in the genomically complex BRCA1/2-deficient mouse 
mammary tumors. Notwithstanding these difficulties, our cross-species comparison 
of mouse and human tumors identified several evolutionarily conserved loci and 
genes involved in the development of BRCA1- and BRCA2- related breast cancer 
(Chapter 7 of this thesis).

12. Conclusions

To be successful in designing better, safer, more effective and more individualized 
treatments for patients with BRCA1- or BRCA2-mutated breast cancers it is 
imperative to identify features that are characteristic for BRCA1- or BRCA2-mutated 
tumors, and which could serve as possible druggable targets.
Both in mice and in humans, BRCA1-mutated breast cancers skew towards a basal-
like phenotype. In contrast, the cellular phenotypes of both mouse Brca2∆/∆;Trp53∆/∆ 
tumors and human BRCA2-mutated tumors are more heterogeneous and resemble 
those of sporadic human breast tumors or Trp53-/- mouse mammary tumors. Other 
than in DNA repair, BRCA1 is involved in several other cellular processes, one of 
which could underlie the formation of undifferentiated, basal-like breast tumors with 
an aggressive phenotype. These tumors do not respond to endocrine or trastuzumab 
treatment due to the lack of hormone receptors or HER2 expression. In-depth 
characterization of BRCA1-mutated breast tumors has revealed an intimate link 
between BLBC and BRCA1-related breast tumors by their common TP53 mutation 
status and aCGH profile. Indeed, TP53-deficiency may be a prerequisite and thus 
a hallmark for HR-deficient tumors which, together, could explain the similarities 
in tumor grade, proliferative index and chemosensitivity between BLBCs, BRCA1-
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mutated tumors and TP53-deficient breast cancers.
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Abstract
Tumor formation is in part driven by DNA copy number alterations (CNAs), which 
can be measured using microarray-based Comparative Genomic Hybridization 
(aCGH). Multi-experiment analysis of aCGH data from tumors allows discovery 
of recurrent CNAs that are potentially causal to cancer development. Until now, 
multi-experiment aCGH data analysis has been dependent on discretization 
of measurement data to a gain, loss or no-change state. Valuable biological 
information is lost when a heterogeneous system such as a solid tumor is reduced 
to these states. We have developed a new approach which inputs non-discretized 
aCGH data to identify regions that are significantly aberrant across an entire 
tumor set. Our method is based on kernel regression and accounts for the strength 
of a probe’s signal, its local genomic environment and the signal distribution 
across multiple tumors. In an analysis of 89 human breast tumors our method 
showed enrichment for known cancer genes in the detected regions and identified 
aberrations that are strongly associated with breast cancer subtypes and clinical 
parameters. Furthermore, we identified 18 recurrent aberrant regions in a new 
dataset of 19 p53-deficient mouse mammary tumors. These regions, combined 
with gene expression micro-array data, point to known cancer genes and novel 
candidate cancer genes.

Introduction

Malignant transformation of normal, healthy cells is strongly dependent on changes 
in the expression of oncogenes and tumor suppressor genes. DNA Copy Number 
Alteration (CNA) is an important mechanism through which tumor cells can 
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modulate expression of cancer genes. CNAs are a result of genomic instability, which 
has been described as an enabling mechanism of tumorigenesis (1). Aberrations 
range in size from relatively small regions (< 0.5 Mb) to entire chromosomes and 
the various mechanisms by which they arise are unclear (2). Comparative Genomic 
Hybridization (CGH) is a technique that is capable of measuring CNAs. The term 
CGH was first used for competitive hybridization of differentially labeled DNA on 
metaphase chromosomes (3) to measure CNAs. 
Various micro-array platforms have enabled high-resolution genome-wide analysis 
of CNAs by array-based CGH (aCGH) (4). Many different platforms are currently 
available for aCGH analysis, such as Bacterial Artificial Chromosome (BAC) clone 
(4), cDNA clone (5), Single Nucleotide Polymorphism (SNP) (6) and oligonucleotide 
based platforms (7,8). Most of the platforms sample the genome at specific positions 
with a certain distance between the measurement points (probes). This distance is 
referred to as the resolution of the platform. Array CGH data generally consist of 
the log-ratios of normalized hybridization intensities of fluorescent labeled DNA 
from disease versus 2n control samples measured by the probes spotted on these 
micro-arrays. 
Array-CGH has been used extensively in cancer research (9) and careful analysis 
of CNAs can facilitate cancer gene discovery (10, 11). Various automated methods 
have been described to analyze the results obtained from aCGH measurements. They 
typically either smooth the data and/or try to estimate the location of the aberration 
by defining ‘break-points’ at which the CNA is defined to start or end (12, 13). This is 
always done at the single tumor level and procedures which define aberrations often 
rely on several parameter choices to find putative CNAs. It is not always clear how 
these parameters relate to biological reality. Recently, methods to discretize aCGH 
data have been extended to include states other than 1, 0 and –1 (13-15). However, 
these methods do not provide a solid statistical framework to identify CNAs that 
occur in a significant fraction of the tumors. Especially these recurrent regions may 
harbor genes relevant for tumor development.
Three methods have been developed to perform multi-experiment analysis to 
identify recurrent CNAs within a group of tumor samples: CMAR (16), STAC (17) 
and H-HMM (18), a Hidden Markov Model (HMM) based algorithm. Of these, 
STAC and H-HMM provide probabilistic outputs. Both STAC and CMAR suffer 
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 2from the fact that aCGH data have to be discretized into three states (1, 0 and –1) 
before the method can be applied. H-HMM uses continuous data as input, but still 
employs three discrete states in its hidden model. CNAs are discrete in nature on a 
single cell level, as gains and losses of a region of DNA can occur only on a per-copy 
basis. Although a method for single cell aCGH has recently been published (18), 
most aCGH analyses are not performed on single cells, but rather on a population of 
tumor cells mixed with stromal components. This stromal compartment will influence 
the signal measured by quenching the true CNA level. Moreover, as solid tumors 
are known to be heterogeneous in nature and contain sub-populations of clonally 
diverse cells (19), it is also safe to assume that not all tumors cells will carry the same 
CNAs. This implies that an aCGH measurement will measure a population of CNAs 
present in the tumor sample. Apart from the fact that there is no consensus regarding 
the best discretization method to use, reducing a signal from such a heterogeneous 
population of CNAs to values of 1, 0 and -1 leads to loss of potentially valuable 
biological information. 
We have developed a statistical method for multi-experiment aCGH analysis of 
non-discretized aCGH data capable of detecting statistically significant aberrations 
of varying size. To this end we developed KC-SMART, Kernel Convolution: a 
Statistical Method for Aberrant Region deTection. This method employs kernel 
convolution (20) to perform locally weighted regression (21), which produces 
a smoothed estimate of the CNAs. This approach takes into account 1) the non-
discretized strength of a clone; 2) the strength of neighboring clones in the same 
tumor, as well as 3) the occurrence frequency of this clone across all tumors in the 
data set. Kernel regression automatically corrects for the unequal distances between 
the probes. KC-SMART allows analysis of both small and large aberrations using 
different values for the width of the kernel function. This is important, as DNA copy 
number aberrations have a large variation in size (2). Using a published dataset of 89 
sporadic breast tumors (22) we find that KC-SMART identifies several aberrations 
that correlate with breast cancer subtype and clinical parameters. We also identify 
regions that are enriched for known cancer genes. Furthermore, KC-SMART 
performs better than STAC (17), the only other statistically-based method currently 
available. Using aCGH and expression data from a novel dataset of 19 mammary 
tumors from a conditional mouse model of sporadic breast cancer, we identify several 
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cancer genes, and we show that complex aberrations can be analyzed by varying the 
width of the kernel function. Finally, we propose several new cancer gene candidates 
based on KC-SMART results.

Methods

Human breast cancer dataset
aCGH data was used as acquired from the supplementary information of Chin et 
al. (22). Pre-processing and normalization was performed and described by Chin et 
al. (22). Because no exact mapping information was available for all clones in the 
Chin dataset, we gave the clones a 3 bp length centered on the mapping position as 
supplied by Chin et al. We removed all clones with more than 50% missing values. 
We imputed the remaining missing values using the averaged values of their two 
positional neighbors. Probes mapped to the same area were averaged and represented 
as a single clone. This resulted in 2149 unique clones. Gene expression data was 
also acquired from Chin et al. (Arrayexpress accession number: E-TABM-158). 
Probes not mapping to a single ENSEMBL ID were removed. Probes mapping to 
Y chromosome genes were removed. This resulted in 21339 unique Affymetrix probe 
measurements. 

Mouse p53 dataset
All BAC information was based on NCBI assembly 36 of the mouse genome. The 
platform used to analyze the mouse DNA was a 3k mouse BAC platform (59). 
Extraction of DNA, labeling and hybridization to the array was performed as 
described by Chung et al. (59). Dye-swaps were performed for all samples. The data 
were normalized using median normalization. BAC clones containing more than 
10% missing values were deleted from the dataset. The remaining missing values were 
imputed using the values of their two positional neighbors. Should the imputed BAC 
clone be the first or the last on a chromosome, it is imputed using the value of its 
remaining neighbor. The preprocessing left 2895 BACs for analysis. Gene expression 
analysis was performed on in-house 32k mouse oligo arrays. Detailed methods can be 
found in the supplemental information. The data was normalized using the Rosetta 
error model. The oligos were BLASTed against the mouse transcriptome as of May 
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 22006. All oligos targeting multiple genes were discarded. All positional information 
of the target genes was acquired from the NCBI assembly 36 of mouse. Genes for 
which no positional information was available were discarded. Genes containing more 
than 10% missing values were discarded. Remaining missing values were imputed 
using the gene average over the non-missing values. Pre-processing left 25809 oligos 
targeting 19104 unique genes. p53 conditional knockout mouse aCGH data is under 
submission at the GEO database, accession number GSE7794. Gene expression data 
is deposited at the Arrayexpress database accession number E-NCMF-6, details are 
in the supplementary information.

KC-SMART analysis
Both datasets were analyzed equally by permutation analysis. The KC-SMART 
permutation analysis was performed to create a null distribution, and peaks were 
detected at p < 0.05 (Bonferroni corrected for multiple testing), for kernel widths: 
6s = 2, 4, 6, 8, 10, 12, 16, 20, 24, 30 and 40 Mb. 1000 permutations were used. The 
interpolation, as discussed below, was performed for an interval (2 ... 40) Mb, with 
steps of 0.2 Mb and was only applied to the mouse dataset. MATLAB scripts used 
for implementation of the method are available from the authors upon request. 

Scale space interpolation
To be able to lower the computational load which is required if the significance 
threshold needs to be determined for a large number of kernel widths, an interpolation 
step was introduced for more detailed analysis of the mouse dataset. The significance 
level at a certain p-value is determined for several different kernel widths employing 
the permutation approach outlined earlier. Then, a model is fitted to these data which 
describes the significance threshold as a function of the kernel width. The function 
found to fit the relationship best was a modified power function: 

  
      

(1)

where t is the significance threshold for the given wkernel. The coefficients a, b 
and c are estimated using an iterative procedure that minimizes the sum of squared 
errors using randomized starting values. This function is then used to determine the 
significance threshold for all kernel widths within the range of the original widths 

= a bwkernel + cτ .
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tested. This allows a detailed examination of the ‘scale space’, which is defined as the 
significant areas in the genome given different kernel widths.

Integration of gene expression data
We correlated gene expression profiles of the genes in these significant regions with 
the CNA data. First we tested the pair-wise correlation of BAC clones in a significant 
region. If the average pair-wise correlation coefficient exceeded 0.5, we averaged the 
BAC-signals across all clones, resulting in a region BAC profile, capturing the average 
behavior of a BAC clone in the aberration. This profile was correlated with the gene 
expression profile of each of the genes in the same region. We calculated a p-value 
of the correlation of each gene’s expression profile with the region BAC profile using 
the Students T-test. All genes that correlated at p < 0.05 (Bonferroni corrected) were 
called significantly correlated.

Cancer gene enrichment
The cancer gene census list was retrieved from the Internet (60). Mapping information 
was retrieved from the Ensembl database (61) using the Biomart data mining tool. 
Only genes with valid mapping information were used. The genes described in the 
cancer gene census were divided according to their label ‘recessive’ or ‘dominant’. This 
resulted in 275 unique dominant genes and 65 recessive genes. Enrichment for genes 
labeled as dominant was tested in gains and enrichment for genes labeled as recessive 
genes was tested in losses. For enrichment analysis of the genes in the Chin dataset, 
only those genes with measured gene expression profiles were used and only those 
genes with an ENSEMBL-gene identifier. This left 11409 unique genes measured.

DAVID Analysis
Genes found significant by correlation were compiled into gene lists according to 
method (KC-SMART, STAC) and according to gain/loss status. Only genes with 
valid Entrez and Ensembl IDs that were present on the gene expression microarray 
platform were considered. As background gene list all genes with Entrez and Ensembl 
IDs on the array platform was used. Association with cancer was calculated using the 
DAVID web interface (62) and as described in: (28).
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 2Discrete data
The raw data used for frequency analysis is described in Chin et al. (22) and was 
segmented using the parameter-free segmentation algorithm CBS (33) and assigned 
copy number change using MergeLevels (13), courtesy of J. Fridlyand. All positive 
copy number changes were counted as gains (1), all negative copy number changes 
were counted as losses (-1) and no copy-number change was set to 0. 
Frequency analysis: For each BAC clone the overall frequencies of 1 (gains) and 
-1 (losses) were counted and plotted as a percentage on its genomic location. For 
comparison, frequencies of 30% and higher were chosen to be significant.
STAC analysis: STAC inputs data discretized to three levels: 1, 0 and –1. The raw data 
used for frequency analysis is described in Chin et al. (22) and was segmented using 
the parameter-free segmentation algorithm CBS (33) and assigned copy number 
change using MergeLevels (13), courtesy of J. Fridlyand. All positive copy number 
changes were counted as gains (1), all negative copy number changes were counted 
as losses (-1) and no copy-number change was set to 0. We followed the advice on 
the STAC website (63) and divided each chromosome arm into stretches of 1 Mb. A 
stretch was called aberrant whenever a BAC clone present in that stretch was called 
aberrant. Stretches containing no BACs were set to 1/-1 when both neighbors were 
1/-1, 0 when one of them was 0. The preprocessed data was loaded into the STAC 
1.2 java applet and analyzed using 1000 permutations and a 1 Mb span constant. The 
OR regions were defined by either the frequency statistic or the footprint statistic 
being p < 0.05. The AND regions were defined by both the frequency statistic and 
the footprint statistic being p < 0.05.

Results

Array CGH data consist of the log-transformed ratios of normalized intensities 
from case versus control samples measured on certain positions on the genome. In 
heterogeneous tumors, gains or losses do not assume discrete amplitude values along 
the genome. To model the fact that CNAs are manifested in a continuous manner 
in an aCGH profile of a tumor, we start off by producing a smoothed estimate of 
the cross-tumor averaged genome-wide CNAs profile using kernel convolution (20). 
Array CGH probes are not distributed equally across the genome. This unequal 
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probe spacing influences the smoothed estimate and needs to be corrected for. To this 
end we employed a Kernel Convolution-based method to perform locally weighted 
regression (21). 
A schematic overview of the KC-SMART method is depicted in Figure 1. The 
general principle of KC-SMART is to place a kernel function at the position of 
each probe. At an arbitrary position x on the genome, the kernel smoothed estimate 
(KSE) of the log2 ratio is given by:
 (2)KSE(x) = M i

ai gi(x)

M i
gi(x)Σ

Σ .

Where ai is the sum of all positive or negative log2 values across all tumors for probe 
i, gi(x) is the kernel function (Equation 2) and Mi the set of probes contributing to 
the KSE. The denominator implements the locally weighted regression to account 
for unequally distributed clones.
Gains and losses are analyzed separately since gains and losses are fundamentally 
different (only a few copies of a region can be lost, depending on the ploidy of the 
cell, but many copies can be gained). The separation of gains and losses also prevents 
positive and negative values from summing to zero. Several kernel functions were 
considered for constructing the KSE. A flat-top Gaussian kernel was chosen since it 
remains constant across the length of the BAC clone, and then drops off in a smooth, 
monotonically decreasing fashion. This choice is based on the assumption that probe 
signals of immediate neighbors are more predictive than more distant probes. A 
graphical representation of the flat-top Gaussian function is shown in Figure 2. The 
function gi(x) is defined as: 

(3)
gi(x) = I{x mi1 } e

( x mi1 )2

2 2 + I{x mi 2 } e
( x mi 2 )2

2 2 + I{x mi1 ,mi 2[ ]}  

The variables μi1 and μi2 represent the mapped genomic start and end position of the 
probes and s determines the width of the kernel function. I is the indicator function 
defined as:

(4)

Set Mi theoretically contains all probes on the same chromosome as x, as they all 
contribute to sample point x. To reduce computational load we only consider probes 
that lie 4s upstream and downstream from sample point x. In this range 99.8% of 

I(b ) =
1 if b is true
0 otherwise
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 2the kernel surface is contained and the error for not including kernels further up- or 
downstream is negligible. To correct for boundary problems at the chromosome ends 
and the centromeres, the probes up to half the kernel width from the boundary are 
mirrored. 
It should be noted that the KSE of the aCGH ratio at a clone position is the result 

Figure 1. A schematic overview of KC-SMART. T1, T2 and T3 represent 3 arbitrary tumor samples. 
a. Illustration of the nature of the data measured and how it is represented on the genome. The BAC 
clones are spaced along the genome where the sizes of the gaps depend on the platform used. Per BAC 
clone a log2 value is measured that is a representation of the CNA at that point on the genome. b. The 
positive and negative log2 values in the data are separated and summed across tumors and per BAC 
clone. After summation the kernel convolution is applied and the Kernel Smoothed Estimate (KSE - 
blue line) is determined. c. An overview for the method of determining statistical significance is shown 
here. First the original log2 values are shuffled randomly within each tumor. After summation across 
tumors the KSE is computed. For both the gains and the losses a cumulative density function (CDF) 
of the detected peaks is calculated. By testing the significance level against this CDF a value is obtained 
above which peaks are found to be significant. d. Here the result of a genome wide analysis is shown. 
The blue line is the KSE obtained from the data and the red line is the significance threshold at p = 0.05, 
which was determined in c. e. The scale space is constructed by arranging the significantly aberrant areas 
(visualized as blocks) in order of scale on the genomic position. 
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of information gathered along two dimensions: 1) information from all tumors is 
incorporated through cross-tumor averaging and 2) information from neighboring 
clones is incorporated through local regression. 
The statistical significance of the peaks found in the KSE was determined by testing 
against a null distribution of peak heights acquired from the KSEs obtained from 
several random within-tumor permutations of the original data (Figure 1c). The 
p-value is corrected for multiple testing using a Bonferroni approach by multiplying 
the resulting p-value by the number of peaks tested, thus controlling the family-wise 
error (23). Combining the threshold found by permutation with the KSE produces 
the result visualized in Figure 1d. All regions where the KSE exceeds the significance 
threshold (red line) are significantly aberrant across the tumors, for a specific kernel 
width.
Biologically, CNAs are found in a large variety of shapes and sizes, from small 
amplifications to whole chromosome loss due to uneven mitotic chromatid separation. 
It is desirable to detect both large and small aberrations. Furthermore, the strength 
of gain or loss is an important factor, as high-level gains may reflect strong oncogene 
activation and high-level losses may reflect homozygous deletion of tumor suppressor 
genes. Different kernel widths must be used to find both very localized, high-level 
CNAs and low level CNAs that span a large region. The width of the kernel function 
will determine how broad the region will be across which a probe amplitude will 
influence the KSE, i.e. how much the kernels will overlap. A narrow kernel can be 
expected to detect small local aberrations, which will be smoothed away by a wide 
kernel. Conversely, a wide kernel will identify long aberrations of low to medium 
strength such as a single copy loss or gain of a chromosome in a fraction of the tumor 
cells, while missing localized aberrations. By applying KC-SMART to a dataset 
using different kernel widths, we can construct a scale space of the dataset which 
gives a comprehensive view of the aberrations in the data set. Another advantage of 
the scale space analysis is that within a single aberration multiple levels of CNA may 
be present. Analyzing these aberrations using multiple scales can identify the region 
within an aberration that is significant across scales, and therefore more interesting. 
A visualization of how the scale space is constructed is depicted in Figure 1e.
A typical recurrent aberrant region is several megabases long and may contain many 
genes. To filter the genes in a recurrent region identified by KC-SMART we use gene 
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 2expression measurements of the genes in those regions. When the gene expression 
of a gene within a recurrent CNA correlates well (p < 0.05, Bonferroni corrected) 
with the average aCGH profile of all probes within the region, we consider it as an 
interesting candidate gene.

Validation of KC-SMART
We applied KC-SMART to a publicly available dataset of 89 human breast cancer 
samples for which both aCGH data and gene expression data was available (22). 
The results of the KC-SMART analysis are shown in Figure 3. As is immediately 
apparent, these tumors are characterized by a larger number of recurrent losses as 
opposed to recurrent gains. Whole chromosome arm aberrations, such as the well-
known 1q and 8q gains and 17p loss are found to be significantly recurrent (24, 25). 
Also smaller, local aberrations are identified such as the 17q amplification of the 
ERBB2 gene and the gain of the 11q region containing cyclin D1. 
To test the biological relevance of the results, we assessed the enrichment for known 
cancer genes among the significantly correlating genes located in the significantly 
recurrent regions. (See the Methods section for the determination of significantly 
correlating genes.) We used the hypergeometric test to assess significant enrichment. 
As ‘known’ cancer genes, we used the cancer gene census (CGC) (26). More specifically, 
we tested genes in gains against the CGC dominant genes and the genes in losses 
against the CGC recessive genes. We used the dominant/recessive terminology 
from the Futreal et al. paper (26) which is not synonymous with the classical genetic 
definition of dominant and recessive alleles, but rather is a crude separation between 
oncogenes and tumor suppressor genes. As shown in Table 1, both KC-SMART 
analyses show significant enrichment for CGC genes (p < 0.05). 
As an alternate test we explored the association of the genes in the various lists 
to cancer using the Genetic Association Database (27). Their association with the 
‘cancer’ category was determined using the DAVID Bioinformatics Resources (28). 
As shown in Table 1, the KC-SMART results also show a significant association 
with cancer (p < 0.05) for this database. 
In order to extend our biological validation of the data, we determined whether 
regions found significant by KC-SMART were associated with molecular breast 
cancer subtypes (29). For each tumor in the 89 tumor dataset Chin et al. (22) 
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determined the molecular subtype 
based on gene expression profiles. To 
determine which tumors contribute 
to a certain significant aberration, 
we ranked the tumors based on their 
average log2 value across all BAC 
clones in the aberrant region. Next, we 
calculated the cumulative contribution 
of the top n tumors to the total average 
log2 value in the aberrant region. The 
top n tumors, for which the cumulative 
contribution reached 75%, were marked 
as significantly contributing to that 
aberration. The threshold of 75% is 
chosen to be a conservative estimate, 
to ensure that all tumors truly contain 
this aberration. Among the tumors that 

contribute to a certain aberration we calculated the enrichment for each molecular 
subtype using the hypergeometric distribution. As can be seen in Tables 2 and 3, this 
analysis reveals significant association of several well known aberrant regions with 
distinct molecular subtypes (22, 30) and clinicopathological features. 
Three regions with interesting associations were selected and summarized in Table 
4. One of these regions is the 5q loss, which is associated with the basal-like breast 
cancer subtype and ER, PR and ERBB2 negative status. Basal-like breast tumors 

Cancer Gene Census Enrichment Number of genes in gene set a Number of CGC b genes in gene set P-value enrichment for CGC b genes c

KC-SMART gains * 521 17 0.0213
KC-SMART losses* 590 9 0.0006
DAVID analysis Number of correlating genes d Number of cancer genes P-value association with cancer 

category (EASE score)

KC-SMART gains * 529 13 0.021
KC-SMART losses* 609 11 0.046

Table 1. Enrichment of correlating genes found by KC-SMART for known cancer genes* Gene sets 
marked with an asterisk showed significant enrichment for cancer genes at P < 0.05. aNumbers of genes 
were based on genes that had an Ensembl ID. bCancer Gene Census, cCaluclated using the cumulative 
density function of the hypergeometric test. Total number of genes in the genome used for this analysis: 
11409, total number of dominant CGC genes: 275, total number of recessive CGC genes: 5. dNumbers 
of genes were based on genes that had an Entrez ID.
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are known to have a low frequency of ER and PR expression, and rarely overexpress 
ERBB2 (31). Similarly, a gain on chromosome 16p can be considered a marker 
for ER and PR positive tumors and the Luminal A subtype (25). The loss on 9p 
is most common in normal-like tumors, which are associated with a genomically 
stable diploid genotype (32). This region contains the well known tumor suppressor 
CDKN2A (p14ARF). CDKN2A gene expression was also found to significantly correlate 
with the 9p CNA profile, and can therefore be considered a putative driver gene for 
this location. These results show that association studies with regions detected by 
KC-SMART not only recapitulate known associations (5q, 16p) but also identifies 
potential new associations (9p). 
The classical way of analyzing aCGH data is to produce frequency plots. This approach 
counts the frequency of occurrence of probes called as gained, lost or unchanged. The 

Figure 3. Results of KC-SMART analysis of 89 human breast tumor samples. The human tumor set 
was acquired from Chin et al. (22). Significant recurrent regions found by KC-SMART are shown in 
green. Significantly correlating genes from the Cancer Gene Census (CGC) list are shown below for 
each result. The cancer gene census list was split in CGC dominant genes (for gains) and CGC recessive 
genes (for losses). Black dotted lines represent the end of chromosomes; magenta dotted lines represent 
the centromere location.
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method of calling varies from setting a rough threshold on the raw data to applying 
dedicated segmentation and calling algorithms. To compare KC-SMART results to 
frequency based analyses we employed a discretized version of the Chin et al. dataset, 
kindly provided by J. Fridlyand. These data have been discretized with discretization 
algorithms, such as CBS (33) and MergeLevel (13). The results of our comparison 
are shown in Figure 4. 
Figure 4a shows a genome-wide view of the frequency of alterations compared to 
the KC-SMART results for a single kernel width. The right panel shows the result 
for Chromosome 17. It can be seen that by employing a smaller kernel width, KC-
SMART detects the ERBB2 amplification, which is not picked up by the frequency 
analysis. The overlap between the number of probes in the significant regions for KC-
SMART (p < 0.05) and the number of probes in regions aberrated in ≥30% of the 
tumors is shown in Figure 4b. The Venn diagrams show that there is a large overlap 
in the copy number losses identified by both methods, but that the frequency method 
flags a larger number of probes as gained. To determine whether KC-SMART 
underestimates the number of significant regions or whether the frequency method 
overestimates the number of aberrated regions, we used the aCGH data to assess the 
‘quality’ of the identified regions. More specifically, we computed, for each identified 
consecutive region, all the pair-wise correlation coefficients of clones within that 
region. Our hypothesis is that a higher degree of correlation will be indicative of a 
better delineation of the aberration. The smoothed histograms for both KC-SMART 

Molecular Subtypes

Chromosome Arm Start (Mb) End (Mb) n   p-value n   p-value n   p-value n   p-value n   p-value

17q gain 36.1 38.4 6 0.0000 1 0.6651 0 0.9853 0 0.6680 3 0.2629

4q loss 155.2 191.7 2 0.6378 13 0.0004 7 0.9310 3 0.4408 2 0.6378
5q loss 53.3 138.9 0 0.9702 15 0.0000 5 0.9836 3 0.3709 2 0.5737

10p gain 0.0 9.3 2 0.3615 10 0.0008 2 0.9972 4 0.0521 1 0.6790
14q loss 82.6 86.9 2 0.6679 12 0.0036 6 0.9840 7 0.0034 1 0.8868

16p gain 0.0 10.3 1 0.7911 1 0.9961 16 0.0001 0 0.9706 5 0.0167
16q loss 48.5 89.5 0 0.9852 5 0.8488 19 0.0001 3 0.5104 2 0.6966
22q loss 15.5 49.2 2 0.4699 1 0.9945 14 0.0017 2 0.5450 3 0.2066

8q gain 74.3 146.3 3 0.4514 10 0.0811 6 0.9935 9 0.0001 2 0.7238
11p loss 0.0 8.6 0 0.9428 8 0.0429 5 0.9227 6 0.0029 2 0.4340
14q gain 82.6 86.9 2 0.6679 12 0.0036 6 0.9840 7 0.0034 1 0.8868

9p loss 0.2 25.7 2 0.3978 2 0.9452 6 0.7590 3 0.2080 7 0.0001

Normal-likeERBB2 Basal-like Luminal A Luminal B

Table 2. Association of KC-SMART significant regions to the five breast cancer subtypes. For each 
breast cancer subtype the significantly enriched aberrations are listed. Significance was determined 
using the hypergeometric distribution and corrected using Benjamini-Hochberg multiple testing 
correction. Locations mentioned in the start and end column are accurate to maximally 1 Mb, as this is 
the resolution of the array used.
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and the frequency approach are depicted in Figure 4c, As can be seen, the within-
region correlation coefficients are, on average, much higher in the gained regions 
detected by KC-SMART than in the regions detected by the frequency approach. 
The frequency approach performs similar to KC-SMART when looking at the lost 
regions.
To our best knowledge the only other readily available method that incorporates a 
statistical framework for multi-experiment aCGH analysis is STAC (17). This method 
employs two statistics, the frequency statistic and the footprint statistic, to identify 

Parameter Start (Mb) End (Mb) not scored

n p-value n p-value n

ER 16p gain 0.0 10.3 20 0.0004 3 0.9970

22q loss 15.5 49.2 19 0.0008 3 0.9951

4p loss 0.8 14.8 10 0.9827 14 0.0047

4p loss 24.3 37.5 11 0.9928 16 0.0018

5q loss 53.3 138.9 9 0.9979 16 0.0004

10p gain 0.0 9.3 7 0.9873 12 0.0029

14q loss 82.6 86.9 11 0.9966 17 0.0007

PR 1q gain 143.2 239.9 31 0.0001 11 0.9986

16p gain 0.0 10.3 19 0.0003 4 0.9975

16q loss 48.5 89.5 22 0.0012 6 0.9981

5q* loss 53.3 138.9 8 0.9938 16 0.0042

p53 5q loss 53.3 138.9 10 0.0022 12 0.9891 3

14q loss 82.6 86.9 11 0.0030 15 0.9865 2

15q loss 21.4 42.1 11 0.0011 13 0.9941 0

17p loss 0.7 19.5 12 0.0023 17 0.9894 1

16p gain 0.0 10.3 1 0.9900 20 0.0009 2

ERBB2 17q gain 36.1 38.4 7 0.0000 0 1.0000 0

5q loss 53.3 138.9 0 0.9456 23 0.0000 3

6q loss 78.1 124.4 0 0.9019 19 0.0000 1

11q loss 0.0 8.6 0 0.8704 17 0.0000 4

11q gain 67.2 73.5 0 0.8065 14 0.0000 2

11q gain 67.8 71.1 0 0.7798 13 0.0000 1

15p loss 21.4 42.1 0 0.9456 23 0.0000 0

15p loss 24.8 28.6 0 0.9601 25 0.0000 1

16p gain 0.0 10.3 0 0.9265 21 0.0000 2

16q loss 48.5 89.5 0 0.9712 27 0.0000 2

positive correlation negative correlationChromosome Arm

Table 3. Association of KC-SMART significant regions to clinical parameters of breast cancer. For each 
clinical parameter the significantly associated aberrations are listed. Significance as determined using 
the hypergeometric distribution and corrected using Benjamini-Hochberg multiple testing correction. 
P-values that remain significant after multiple testing correction are shown in gray. Locations mentioned 
in the start and end column are accurate up to maximally 1 Mb as this is the resolution of the array. 
* The 5q loss associated with PR-negative staining was included because it had the most significant 
association with PR-negativity, but it was non-significant after correction for multiple testing. 
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aberrant regions. STAC requires aCGH data to be discretized to contain only 1 (gain), 
-1 (loss) and 0 (no change). We analyzed the same 89 sample breast cancer dataset 
using STAC. Results are shown in the supplemental information. When comparing 
the regions found significant by both methods it is striking that STAC does not 
identify the 1q arm gain or the 17q ERBB2 amplification as significant. Significant 
regions found by STAC seem to aggregate at boundaries of chromosome arms. This 
could point to a bias in the algorithm for boundary regions. To investigate the nature 
of the significant regions detected by STAC but not by KC-SMART, we analyzed 
the raw log2 values and compared them to the discretized values produced by Chin et 
al. (22). Two examples of this analysis are shown in the supplementary information. 
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Generally, the areas exclusively detected 
by STAC are scored as single copy 
alterations by the MergeLevels analysis 
done by Chin et al. (22). On a log2 scale 
these gains and losses were very small 
indeed (~0.1), but nevertheless large 
enough to be assigned a value of 1 or -1, 
and are therefore treated equally to large 
gains and losses. This discrete approach, 
which neglects the amplitude of an aberration can therefore be considered to be less 
conservative than KC-SMART and can may therefore yield more false-positives.

Cancer gene discovery using KC-SMART
To identify genes that are associated with CNA and potentially implicated in tumor 
formation we applied KC-SMART to a data set containing aCGH measurements 
of 19 mammary carcinomas acquired from conditional p53 knockout mice. Sporadic 
mammary tumor development in these mice is induced by cell type-specific stochastic 
inactivation of the tumor suppressor gene p53 (34). Mouse mammary tumors present 

Figure 5. KC-SMART analysis of p53-
deficient mouse model mammary tumors. The 
y-axis represents the interpolated scale space 
running from 2 Mb to 40 Mb. Black dotted 
lines represent the end of chromosomes.
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with relatively few passenger mutations as compared to human sporadic tumors. This 
is because tumors from genetically engineered mouse models have a more uniform 
cell type of origin and they develop relatively rapid giving less time for passenger 
CNA development. This will aid in identification of causal aberrations and will reduce 
the number of tumors required for cancer gene discovery. Mouse aCGH data was 
preprocessed as described in the materials and methods. The result of the analysis is 
shown in Figure 5. In total seven amplified and eleven deleted regions were identified 
by KC-SMART. 
The significant CNAs identified by KC-SMART are large and contain many genes. 
Oncogenic aberrations typically occur because it is the mechanism through which 
an oncogene is amplified or a tumor suppressor is inactivated. We examined the gene 
expression profiles of all tumors to find the genes which are driving the aberrations. 
We used an in-house 32k oligonucleotide microarray platform with 31769 longmer 
probes targeting 19104 unique genes, which results in a 68% coverage of the mouse 
genome. By analyzing only the genes that are measured on the array, we accept the 
possibility of missing the driver gene because there is no corresponding probe on 
the array. Furthermore, the gene expression data were obtained using a pool of 12 
mouse mammary tumor samples as a common reference. While these measurements 
will reveal the within-group variability of the tumor data set, genes that are over-
expressed or down-regulated in all tumors will not be picked up, because their RNA 
levels in the reference pool are the same. The complete results of these analyses can be 
found in the supplementary information. As can be seen in Table 5 and Figure 6 the 
correlation analysis resulted in association of several known and novel cancer genes 
with significant recurrent CNAs. Our correlation analysis resulted in the association 

Aberration Subtype ER PR ERBB2 P53 mutated1

5q loss (53Mb – 138 Mb) Basal neg neg* neg pos

16p gain (0Mb – 10 Mb) Luminal A pos pos neg neg

9p loss (0 Mb – 25 Mb) Normal-like N/A N/A N/A N/A

Table 4. Summary of association for three recurrent regions identified from 89 human breast tumors. 
pos: significant association with positive immunohistochemistry (IHC), neg: significant association 
with negative IHC, N/A: no significant association. *This association was identified as borderline 
significant, but was the most significant association found for PR-negative status. 1 Determined by 
immunohistochemistry.
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 2of three known cancer genes with gained 
regions (Ptpn11 – Chr. 5, c-Met – Chr. 6 
and Birc2 – Chr. 9) and one known cancer 
gene within a deleted region (Cyld - Chr. 
8). The mouse homologues from the 
CGC were used as ‘known’ cancer genes. 
The identification of known cancer genes 
validates this approach for cancer gene 
discovery.

Novel Candidate Cancer Gene Discovery
Correlation analysis can also be used for 
the identification of new cancer gene 
candidates. In addition to the purely 
data-driven approach, the candidate 
genes were further analyzed based on 
known functionality and possible links to 
carcinogenesis. The possibility exists that a 
gene with an unknown function could be 
a driver gene, and it will be missed by this 
approach. Keeping this in mind, one should 
reconsider these genes when no obvious 
candidate is found, or when validation 

experiments do not show any causal role for the identified candidate genes.
Chromosome 8 gain. None of the 22 genes identified by correlation analysis are listed 
in the cancer gene census. Based on previous studies we identified four possible 
candidates: Cdc16, Tfdp1, Cul4a and Fboxo25 (35). The human homologue of Cdc16, 
a subunit of the anaphase promoting complex which governs degradation of G1 
checkpoint proteins, has also been linked to cancer (36). Tfdp1 is a transcription 
factor that operates in concert with the E2F family to up-regulate genes associated 
with cell cycle progression (37). Cul4a is a ubiquitin ligase that targets the cyclin-
dependent kinase inhibitor p27 for degradation and thereby Cul4a activity promotes 
proliferation and cell cycle progression (38). Fboxo25 is a member of the F-box only 

Table 5. Overview of the regions found by KC-
SMART analysis of the mouse conditional p53 
knockout dataset. The positions mentioned are 
based on the maximal width of the aberration 
found across all scales. Genes that either have 
a start or end position in the region were 
taken into account. Only genes against which 
an oligonucleotide probe was present on the 
gene expression micro-array platform were 
considered. The last column shows new likely 
cancer gene candidates, based on the result of 
the correlation analysis (Pearson correlation, 
p < 0.05, Bonferroni corrected) and based on 
functional analysis. When no likely candidates 
were found in the correlating genes based on 
functional analysis, none were listed.

Chromosome Position 

(Mb)

Number of 

correlating 

genes

Correlating 

cancer 

genes 1

Candidate cancer genes

Gains

5 100-151 48 PTPN11 -

6 3-26 9 C-MET -

8 3-15 22 - CDC16, TPDF1, CUL4A, 

FBOXO25

9 6-15 7 BIRC2 -

11 114-118 9 - BIRC5

15 52-102 0 - -

18 40112 7 - RNF138

Losses

1 37-40 2 - GNT-IVA

4 91-103 0 - -

4 122-133 0 - -

7 72-85 4 - -

7 131-134 3 - BUB3, BCCIP

8 23-131 37 CYLD -

10 112-129 10 - USP15

11 37-75 29 - HINT1, RAD50, IRF-1

12 4-117 10 - NUMB

14 54-83 1 - -

18 55-83 1 - -
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 2protein family (39), which is well-known for their ubiquitin ligase function. 
Chromosome 18 gain. None of the 7 genes identified by correlation analysis are listed 
in the cancer gene census. Only one gene was found to have interesting functional 
annotation: Rfn138. The human homologue of Rnf138, dubbed NARF, has recently 
been identified as a ubiquitin ligase targeting the TCF/LEF complex, thereby 
downregulating the Wnt-signaling target genes (40). Derepression of Wnt target 
genes due to loss of TCF/LEF might promote tumorigenesis. 
Chromosome 7 loss. Of the three genes found by correlation analysis, two were 
interesting candidate cancer genes. Bub3 is a mitotic spindle checkpoint gene that can 
act as a repressor of cell cycle progression (41). Deletion of this gene could enhance 
cell cycle progression and thus proliferation. Bccip is a BRCA2 interacting protein 
and has been found to be important in double strand break repair (42). Loss of Bccip 
might lead to genomic instability and thus enable tumorigenic aberrations. 
Chromosome 10 loss. Of the 10 genes found by correlation analysis, only one gene, 
Usp15, had functional annotation that could be related to tumor suppressor activity. 
Usp15 has recently been found to be present in the COP9 signalosome, which is an 
important regulator of ubiquitin ligase activity and has been implicated in cancer (43, 
44). It should be noted that the chromosome 10 region includes several cancer genes, 
including the known tumor suppressor Ddit3, also known as CHOP. CHOP expression 
correlated just below the significance threshold set for correlation analysis.

Scale space aided aberration analysis
Our correlation analysis did not yield promising cancer genes for each region. For 
example, the Chromosome 15 copy number gain is a large aberration found by 
KC-SMART and spans around 50 Mb over all scales analyzed. Yet, no cancer gene 
candidates were identified using the correlation approach. Since the Chromosome 

c. Genes close to the region that is significant across all scales are shown in more detail. d. This figure 
shows the heatmap of the BAC-clones shown in b. Numbers along the horizontal axis correspond to 
the BAC clone numbers in c. Positive log2 values as shown as red, negative log2 values as green. e. 
Heatmap of the gene expression of genes Myc, Ddef1 and Adcy8. Note: The tumors are now depicted 
along the horizontal direction, as opposed to d, where the tumors are depicted in the vertical direction. 
Positive log2 values as shown as red, negative log2 values as green. No probe against Pvt1 was present on 
the gene expression array. The two unknown-function transcripts overlapping with BAC clone 7 show 
equally uncorrelated expression profiles, and are denoted by I and II. f. This figure show a scale space 
analysis of significant gains on chromosome 17. The analysis is from a set of 89 human breast tumors. g. 
A scale space analysis of chromosome 9 losses. The analysis is from a set of 89 human breast tumors.
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15 gain is analogous to the human Chromosome 8q, we expect the oncogene Myc 
to be the target of the amplification. The Myc oncogene is a well-known target of 
DNA amplification in human cancer (45, 46). We therefore set out to analyze the 
Chromosome 15 gain with the aid of the scale space. The scale space of mouse 
Chromosome 15 identifies a large region as significant in the large scales, yet only 
a small region remains significant in the smaller scales (Figure 7a). If this region is 
analyzed in more detail (Figure 7b) one can see several genes situated next to the 
narrow significant region. The two genes that directly map onto the significant region 
are both predicted transcripts with unknown function. The Myc oncogene is situated 
slightly upstream from the significant region. If the heatmaps of the BAC clones 
are examined (Figure 7d) it is apparent that BAC Clone 7 shows a gain in multiple 
tumors. This could indicate that amplification of the region downstream of Myc has 
a tumorigenic effect, either by affecting Myc in some way or acting on a previously 
unknown gene. It could also mean that the Chromosome 15 gain is not directed 
at the Myc oncogene, but rather at the Ddef1 gene. Ddef1 has been identified as a 
pathologically relevant target of amplification in human uveal melanoma (47). This 
result shows that scale space analysis can be effectively used to gain more insight in 
complex aberrations and to identify potential target genes. 
Besides giving more insight in the nature of aberrations, the scale space is also used to 
identify both small focal aberrations and large low level CNAs such as chromosomal 
gains or losses. The smaller scales allow for identification of high level amplifications, 
such as the ERBB2/HER2 amplification in human breast cancer (Figure 7f ). This 
small, but strong amplification is found to be significant in the smaller scales, but it is 
smoothed away in the larger scales. Conversely, a large systemic loss of chromosome 
9p containing the INK4a/ARF tumor suppressor locus is only detected as significant 
in the highest two scales analyzed (Figure 7g). By traversing the scale space we can 
find biologically relevant aberrations of all sizes.

Discussion

Genomic instability is a powerful, yet chaotic way of acquiring aberrations that 
confer proliferative or survival advantages to a tumor cell. Correctly separating 
driver mutations from passenger mutations in aneuploid tumors is very difficult. 



63

C
ha

pt
er

 2The classical tumor model assumes clonal expansion of a tumor from a single 
progenitor cell; however, recent views on tumor development preferentially model 
the tumor as an ecological model, with different populations of tumor cell clones 
competing for survival (19). In such a diverse population of tumor cells, copy number 
alteration should also be diverse. As an aCGH measurement is an averaged view of 
all copy number alterations within a large heterogeneous population of tumor cells, 
discretization of these values to integer levels of copy number change may result in loss 
of information, which is exemplified by the fact that the level of ERBB2 amplification 
is a determinant of breast cancer progression (48). KC-SMART is the first method 
to use non-discretized data to find statistically significant recurrent CNAs. KC-
SMART uses the log2 values straight from the aCGH platform and is therefore 
not dependent on pre-processing steps, except for data-normalization. We show that 
relevant biological data is contained in the continuous log2 aCGH measurements. 
So, instead of noise reduction, discretization may well cause information loss. We 
think that approaches that discretize the aCGH data prior to detecting copy number 
alterations are likely to perform very well in clonal systems, such as cell lines and 
hematologic tumors. KC-SMART outperforms these methods in analyses of more 
heterogeneous solid tumor samples. 
Tumor tissues are challenging biological samples and their copy number analysis 
is confounded by several factors. Stromal contamination will quench the signal by 
introducing normal 2n DNA in the sample. Very pure (clonal) tumors will have 
a larger effect on the analysis as their overall measured copy number levels are 
higher. Both discretization approaches and KC-SMART will be affected by sample 
heterogeneity. While KC-SMART will employ the measured aberration level in 
the analysis, discretization approaches will, depending on the chosen discretization 
threshold, either fully count an aberration (regardless of the degree to which it 
exceeds the threshold) or completely discard a probe when the CNA signal does not 
exceed the threshold defining an aberration. Very large focal amplifications will be 
maintained in the KC-SMART analysis, but if a sufficiently large set of tumors is 
analyzed, these aberrations will not be flagged as significant, unless they appear with 
sufficient frequency.
Random signal noise is always a confounding factor in aCGH data analysis. Especially 
Formalin Fixed Paraffin Embedded (FFPE) samples are known to produce noisy 
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measurements, making aCGH data from these samples hard to analyze. Since KC-
SMART analyzes gains and losses separately, the possibility exists that noise which 
randomly fluctuates around zero will be detected as aberrations due to the separation 
of data in positive and negative values. However, this is countered in the random 
permutation scheme where all values including random fluctuations are incorporated 
in the construction of the background distribution. By determining a null-distribution 
for each dataset analyzed, noise specific to that dataset is modeled and therefore also 
controlled. To gain the most power from an analysis we encourage researchers to 
keep comparable noise levels across the entire dataset.
We showed association of recurrent aberrations found by KC-SMART with 
molecular subtype (29) or clinicopathological features such as p53, ERBB2, estrogen 
receptor (ER) and progesterone receptor (PR) expression status. Identification of the 
previously reported 16p and 5q regions show that known relations are recapitulated 
by KC-SMART, and that these regions might be markers for the Luminal A and 
Basal-like breast cancer subtypes, respectively. The 5q loss is an important feature 
employed in a classifier to separate BRCA1-mutated breast cancers from control 
tumors (49). BRCA1-mutated breast tumors are known to be generally basal-like 
(50), and the fact that aberrations on Chromosome 5q can distinguish the BRCA1 
tumors from control tumors is possibly due to their basal-like character. A BRCA1-
modifier locus for hereditary breast cancer has been mapped to 5q (51) and multiple 
DNA-damage repair and cell cycle associated genes are present in the 5q region (e.g. 
RAD50, RAD17, APC). This finding might point to a more general DNA-damage 
related phenotype in basal breast tumors. Other relations with regions identified by 
KC-SMART are new, such as the association of 9p loss with normal-like tumors, 
which could target the well-known INK4a/ARF tumor suppressor locus located 
on 9p21. In a large clinical study normal-like tumors were found to be mainly 
diploid, genomically stable tumors (32). In line with this, mouse mesotheliomas 
induced by Nf2 and Ink4a/Arf loss show significantly less genomic instability than 
mouse mesotheliomas induced by Nf2 and p53 loss (E. van Montfort and A. Berns, 
unpublished results). Normal-like tumors may thus be driven by INK4a-ARF loss-
of-function. 
Array CGH data analysis can result in detection of large regions containing many 
genes. The application of KC-SMART in combination with gene expression micro-
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 2array data facilitates prioritization of genes for biological validation. While there are 
many (epi)genetic mechanisms through which a tumor can upregulate oncogenes or 
downregulate tumor suppressor genes, it has been shown that CNAs can predict gene 
expression (52). Nevertheless, one should be aware of the risk of missing important 
genes that do not seem to correlate very well with the copy number data. 
Our results obtained from the KC-SMART analysis combined with gene expression 
data of the p53 conditional knockout mice did reveal some well-known cancer 
genes that have been associated with CNAs before. Two of the seven genes that are 
identified by the correlation analysis on Chromosome 9 were previously implicated 
in tumorigenesis: Birc2 and Birc3 (53). Birc2 is also listed in the cancer gene census 
list. Both are a member of the cIAP family of anti-apoptotic caspase binding proteins. 
Zender et al. (53) demonstrated the tumorigenic effect of Birc2 in Myc overexpressing 
cells. Their comparative oncogenomics approach uses CNA information to find 
potential oncogenes and tumor suppressors. As human data is inherently complex, 
cross species analysis can provide additional power to identify truly causal genes. 
CNA detection is an increasingly valued tool in cross-species oncogenomics (54). 
KC-SMART would be ideally suited to provide the first analysis of CNAs in a 
comparative oncogenomics study. 
One of the correlating genes found in the aberration on Chromosome 6 is also listed 
in the cancer gene census: c-Met. This gene is well-known in cancer biology (55). It 
encodes a trans-membrane tyrosine kinase receptor for hepatocyte growth factor, 
which transduces signals implicated in proliferation, migration, and morphogenesis. 
It has also been described very accurately as an amplification target (56) and has 
been reported as an amplification target in BRCA1/p53 negative mouse mammary 
tumors (57). 
The examples of c-Met and Birc2/3 show that biologically relevant results could 
be obtained from the correlation analysis. However, not every region delivered a 
promising cancer gene candidate after correlation analysis. Especially the lost regions 
did not produce many obvious candidates, because the correlation analysis either 
delivered very many or very few genes. This could point to the fact that a tumor cell 
might be more inclined to use epigenetic factors to down-regulate tumor suppressor 
genes so that the correlation between expression and copy number values would be 
disturbed. It could also mean that a deletion is more suited to incur haploinsufficiency 
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of large numbers of genes, which may collectively contribute to tumor development 
(58). In contrast, amplification is more likely to result in over-expression of one, or 
a few, genes which are therefore more likely to be detected by correlation analysis. 
The c-Met and Birc2/3 genes are clear examples of this and validate our approach to 
identify new cancer gene candidates. 
The scale space provided by KC-SMART facilitates analysis of complex aberrations. 
As our scale space analysis of the Chromosome 15 aberration in the mouse p53-
deficient mammary carcinoma dataset shows, true targets of gains and losses can 
be determined. Of course, this analysis is spatially restricted to the resolution of the 
aCGH platform and quantitatively restricted to the degree with which individual 
probes on the microarray report CNAs. We foresee that the scale space analysis will 
allow a very insightful and accurate determination of aberrant regions across multiple 
tumors.
We sought to compare our results to those obtained by existing methods. First we 
compared our approach to a frequency-based analysis, which is still often used to 
analyze aCGH data. We used the discretized version of the Chin et al. data, as 
discretized by the authors, using two different algorithms to obtain segmented and 
called data. Our method compares favorably to this more complicated approach. One 
intrinsic problem associated with frequency analysis is that it is mainly descriptive. 
There is no statistical basis for calling a region significantly recurrent aberrated. KC-
SMART provides the researcher with a solid statistical analysis, while frequency 
based thresholds will be arbitrarily chosen. Furthermore, KC-SMART has the added 
advantage of incorporating a scale-space analysis. The advantages of this feature have 
already been clearly demonstrated in the example where KC-SMART can readily 
identify high-level amplicons, while frequency-based methods need additional 
adaptations to detect these amplifications. 
 To the best of our knowledge, the only method that encompasses a statistical 
framework and has readily available software to perform multi-experiment aCGH 
data analysis is STAC (17). Several remarks can be made on the comparison between 
STAC and KC-SMART. STAC results are dependent on the manner in which 
the two STAC statistics are combined. Results for both the statistics (footprint 
and frequency) can be very different. This disparity complicated the interpretation 
and might lead to results-oriented use of statistics. Furthermore, STAC bases 
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 2the background-distribution of their statistical tests on local chromosome-arm 
permutation. This means that recurrent loss or gain of whole-chromosome arms can 
not be detected. A prime example of this is the well-known gain of human 1q which 
was not identified as statistically significant by STAC. Also, basing the background 
distribution just on the chromosome arm is not a correct representation of the 
biological reality, where the exact position of a gain or amplification is not known 
and could be located on a completely different chromosome arm. To get a better 
average background distribution, permutation over the entire genome is preferable. 
In summary, we have developed the first parameter-free statistical method to find 
significantly recurrent CNAs from continuous aCGH measurements. In contrast to 
other approaches, KC-SMART inputs non-discretized data, which minimizes loss 
of information and enables better modeling of the continuous- valued amplitude 
of CNAs. KC-SMART employs a permutation approach to detect statistically 
significant CNAs while keeping control of the error rate. A scale space is constructed 
which facilitates detailed inspection of CNAs at a range of genomic resolutions. 
KC-SMART outperforms comparable methods and produces biologically relevant 
results. Furthermore, using KC-SMART we identify several new candidate cancer 
genes. DNA is the static foundation of the dynamic cellular environment. Tumor 
cells often resort to modification of the DNA content of the cell to further their 
proliferative and survival strength. The ability to detect these changes will help us 
understand the genetic basis of cancer, and it allows us to prioritize our subsequent 
research into causal components of tumor cells.
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Abstract

Introduction: Genomic instability is a hallmark of cancer. BRCA1/2-mutated 
cells are compromised in double strand DNA break repair and form tumors 
characterized by a high degree of genomic instability and elevated numbers of 
DNA copy number alterations (CNAs). Most BRCA1-related tumors have a 
basal-like cell type, whereas BRCA2-related tumors more resemble sporadic 
breast cancers and thus mostly have a luminal cell type. 
Methods: To identify specific CNAs in BRCA1- and BRCA2-related breast 
tumors, we analyzed comparative genomic hybridization (CGH) profiles from 27 
BRCA1-related and 28 BRCA2-related breast tumors and compared them with 
profiles from 48 non-familial breast tumors. To detect significantly recurrent 
CNAs, we employed KC-SMART and comparative-KC-SMART algorithms 
which allow precise detection of the most important regions within significantly 
recurrent gains or losses. 
Results and Discussion: Overall, we found that recurrently aberrated regions 
are either gained or lost, suggesting unidirectional selection pressure exerted 
on distinct regions during tumor development. We found that recurrent gains 
and losses are not enriched for cancer-related genes, suggesting that selection 
pressure to gain or lose a genomic region during tumor outgrowth depends on 
only few driver genes, or on an enrichment of more potent oncogenes or tumor 
suppressor genes clustered within one region. Gains and losses of BRCA2-
related tumors strongly resemble control tumors except for recurrent loss of the 
region encompassing the RB1 and BRCA2 locus. In contrast, recurrent CNAs in 
BRCA1-related tumors are distinctly different from those found in control breast 
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tumors. BRCA1-related gains and losses are significantly enriched for genes from 
the ER-negative breast tumor signature, and peaks of recurrent gains and losses 
center on genes involved in the PI3K pathway. 
Conclusions: CGH profiles of BRCA1-related breast tumors are different from 
CGH profiles of most other breast tumor types. Several peaks of recurrent gains 
and losses in BRCA1-related tumors center on genes involved in the PI3K pathway, 
indicating that activation of this pathway is associated with BRCA1 -related and/
or basal-like breast cancer. This finding suggests that targeted therapies against 
the PI3K pathway may be useful for treatment of this breast tumor type.

Introduction

Cancer is characterized by accumulation of (epi)genetic mutations including genomic 
gains and losses that select for accelerated cell proliferation and/or increased survival. 
These gains and losses arise after DNA damage that can occur as a consequence of 
normal cell metabolism, carcinogens, DNA replication, UV light, or radiation (1). 
Genomic regions that are found recurrently gained or lost in independent tumors 
are presumed to be relevant for cancer development. BRCA1- and BRCA2-related 
breast tumors, which have lost BRCA1 or BRCA2 function required for homology-
directed DNA double-strand break (DSB) repair (2-4), are especially prone to 
accumulate genomic damage. This facilitates development of DNA copy number 
alterations (CNAs) and concomitant oncogene amplification or tumor suppressor 
gene deletion during tumor development. Although BRCA1 and BRCA2 are both 
involved in DSB repair, BRCA1- and BRCA2-related breast tumors show striking 
differences in tumor morphology and hormone receptor status. Similar to sporadic 
breast cancers, most BRCA2-related breast cancers are hormone receptor-positive 
carcinomas with luminal features (5, 6). In contrast, the majority of BRCA1-related 
breast tumors are carcinomas with basal epithelial phenotypes(7, 6). In addition, most 
BRCA1 tumors lack expression of estrogen receptor (ER), progesterone receptor 
(PR) and human epidermal growth factor receptor 2 (HER2, ERBB2) and thus 
resemble sporadic ‘triple-negative’ breast cancers.
Several analyses have been done to find regional gains and losses specific for BRCA1- 
and BRCA2-related breast tumors (8-11). BRCA1-related breast tumors have been 
found to have a distinct pattern of genomic aberrations (8-11) which could be due to 
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 3driver genes that specifically collaborate with BRCA1 loss of function. Alternatively, 
these aberrations could point to driver genes associated with proliferation and/or 
survival of basal breast epithelial cells. Similarly, since BRCA2-related breast tumors 
resemble sporadic breast cancers with luminal phenotypes, recurrent aberrations in 
BRCA2-related tumors might point to driver genes associated with proliferation/
survival of luminal breast epithelial cells.
In this work we applied two novel methods for statistical analysis of comparative 
genomic hybridization (CGH) data, KC-SMART and comparative-KC-SMART, 
in an attempt to detect the peaks of the distinct gains and losses that confer selective 
advantage for development of either BRCA1- or BRCA2-related breast tumors. 
We were able to identify well-defined regional gains and losses that recurred often 
in these different breast tumor groups which could provide new insights into the 
pathogenesis of BRCA1 and BRCA2-related breast tumors.

Materials and Methods

Tumor groups
We used array-CGH (aCGH) data from 27 breast cancers from verified pathogenic 
BRCA1 germline mutation carriers, 28 breast tumors from BRCA2 germline 
mutation carriers and 48 control breast tumors without family breast cancer history, 
previously described (8, 11, 12). Control tumors were of the same mean age. For 
tumor characteristics see Supplementary Table 1. The CGH data of BRCA1, BRCA2 
and control tumors have been deposited in NCBI’s Gene Expression Omnibus (13, 
14) and are accessible through GEO Series accession number GPL4560, (12, 15). 
All calculations and statistics were performed using R (16).

Data preprocessing
Missing BAC clone measurements were linearly interpolated with their positional 
neighbors. BAC clones reporting more than 10% missing values were excluded from 
the dataset. Should the missing datapoint be the first or the last on a chromosome, 
it is predicted using the value of its remaining neighbor. The preprocessing left 2982 
BAC clones for analysis.
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KC-SMART analysis
To identify specific locations of genomic gains and losses that recur significantly within 
one tumor group, we used an algorithm called KC-SMART (Kernel Convolution – 
a Statistical Method for Aberrant Region deTection) (17). Briefly, for all tumors 
in one group, an aggregate peak-profile of the aberrations is created by placing a 
Gaussian kernel with the height of the sum of either the positive log2 values or 
the negative log2 values at the genomic midposition of each probe over all tumors. 
Aggregated profiles (one for gains and one for losses) are point estimates determined 
by convolution of locally weighted kernel functions such that the closer the genomic 
distance between two probes the more they will contribute to each others convoluted 
values. The Kernel Smoothed Estimate (KSE(x)) at genomic position x is given by:

(1)

where gi(x) is the weighted function based on a flat-top Gaussian for each probe 
i, and where ai is the sum of either the positive or negative log2 values (depending 
on whether the gains, respectively losses are analyzed) for each probe i in set Mi. 
Mi is the set of probes within 4s up and downstream of position x (17). The peaks 
in the KSE curves are tested against permuted data to establish a (multiple testing 
corrected) significance threshold. Significantly recurrent CNAs are all aberrations 
that exceed this threshold. 

Comparative-KC-SMART analysis
To determine genomic regions with a differential CGH signal between two groups, 
we adapted the previously published KC-SMART algorithm (17) and developed 
comparative-KC-SMART. For the comparative-KC-SMART algorithm, we 
calculated a Kernel smoothed estimate (KSE) for each individual tumor t: KSE (x,t) 

= S
Mi

a
i
(t) . g

i
(x) / S

Mi
G

i
(x), where ai is the log2 value for each probe i in set M, 

regardless of its sign. Next, we calculated the signal to noise ratio between two tumor 
groups of class k, for each position x on the genome, using:

(2)

KSE(x) = M i
ai gi(x)

M i
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where μk =
1
nk

KSE(x,t)
t=1

nk

∑ , σ k (x) = 1
nk −1

(KSE (x, t) − μk
t=1

nk

∑ (x))2
and nk is the number of 

tumors in group k. S95 is a regularization factor equal to the 95th percentile of the 
pooled class standard deviation across all genomic positions. See Supplementary 
Figures 1 and 2 for a representation of experimental values µk, ∆(x), s(x) and SNR(x) 
values for the BRCA1-related vs. control tumor groups.
We determined a cutoff that defines significant SNR(x) values by generating 
SNR data using randomized class labels and calculating the significance threshold 
corresponding with a False Discovery Rate (FDR) of 0.05 using SNR data from 
6000 class-label permutations. The comparative-KC-SMART method is integrated 
in the Bioconductor Release 2.4 in the KC-SMART package (18, 19). For both 
the KC-SMART and comparative-KC-SMART analyses we used a 20 Mb kernel 
width (corresponding with sigma = 20/6) and a sample point matrix resolution of 
50,000 bp. For the KC-SMART analysis we tested against peak data from 1000 
permutations (P<0.05, Bonferroni corrected).

Postprocessing and combination of KSE(x) and SNR(x) data values
An aberration at position x was assigned to be a gain or a loss depending on which 
had the largest difference between the KSE curves of the two groups (determined by 
KC-SMART (17)). The sign of the SNR(x) then determines to which tumor group 
the gain or loss is assigned. 

Integration of KC-SMART and comparative-KC-SMART
We ranked KSE peaks by combining their recurrence value (KSE value by KC-
SMART) and their difference relative to a control group (SNR ratios by comparative-
KC-SMART). We calculated differential KSE (DKSE) values between two groups 
at genomic position x as follows: . For plotting, we multiplied DKSE(x) values of 
losses by -1. We assigned KSE (xg), SNR(xg), and DKSE(xg) values to genes g where 
xg is the closest genomic position to the midpostion of each gene g in Ensembl 
Release 52 / NCBI Build 36 (20-23), (Supplementary Table 2).
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Results

aCGH analysis of BRCA-mutated and control breast tumors
To detect recurrent DNA copy number gains and losses specific for BRCA1- 
and BRCA2-related breast tumors, we compared breast tumor aCGH data from 
27 verified pathogenic BRCA1 germ-line mutation carriers, 28 BRCA2 germ-
line mutation carriers and 48 control breast tumors without family breast cancer 
history described in previous publications (12, 15). According to pathology, all but 
one BRCA1-related tumors were triple negative, concordant with a basal-like cell 
type, whereas the staining pattern of the BRCA2-related tumors was distributed 
more like the sporadic breast tumors and often ER/PR positive, concordant with 
a luminal phenotype (Supplementary Table 1). The cell type of the control tumors 
was determined by gene expression microarray profiling: 35% (17/48) of the control 
tumors were luminal A (8/48) or luminal B (9/48), 19% (9/48) had basal-like cell 
type, 27% (13/48) were HER2-like and 6% (3/48) were Normal Breast Like. The 
cell type of 12.5% (6/48) breast tumors remained undetermined. Figure 1A shows 
aCGH profiles of representative tumors from BRCA1- and BRCA2-mutation 
carriers and control tumors to illustrate the raw data used in our analyses. The 
frequency plot of all raw data (Figure 1B) shows the difference in frequency of high 
level amplifications and deletions between two tumor groups. For this, we calculated 
the fraction of tumors with log2 ratio > 0.2 (gains) or log2 ratio < -0.2 (losses) as 
positive and negative fractions, and plotted them at the genomic position of each 
BAC data point. 

KC-SMART analysis of BRCA-mutated and control breast tumors
To identify significantly recurrent genomic aberrations within each of the three tumor 
groups, we employed KC-SMART (Kernel Convolution – a Statistical Method for 
Aberrant Region deTection) (17). The KC-SMART algorithm generates a peak 
pattern of recurrent CNAs across the genome, aggregated over all tumors in a group 
for gains and losses separately, the KSE curve. In this pattern the highest peaks 
represent the most recurrent regions of gain or loss within the tumor group. The 
peaks are tested against randomly permuted data to identify significantly recurrent 
gains and losses. For our three tumor groups, we applied KC-SMART with a kernel 
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 3width of 20 Mb to the aCGH data (Figure 1C) because this level of smoothing 
recapitulated the raw CGH profiles of all tumor groups best. Aberrations that meet 
the significance threshold (P<0.05) are indicated by their color-matched lines above 
(gains) or below (losses) the KSE curves of each tumor group. Their genomic positions 
are listed in the KC-SMART columns of Tables 1A (BRCA1) and 1B (BRCA2). 
CGH profiles of the BRCA1-related tumor group contain more probes with high 
log2 ratios. Due to the incorporation of the original data in the null distribution, KC-
SMART generates a higher significance threshold for both the gains and the losses 
in the BRCA1 tumor group compared with the BRCA2 and control groups (Figure 
1C). For this reason, only high-amplitude and/or highly recurrent BRCA1-specific 
CNAs are detected, such as the tips of 3q and 10q gains and of 5q and 15q losses. 
Low –amplitude or less recurrent events, such as the gains on chromosomes 7q and 
12p, or the losses on chromosome 4q do not reach significance in the BRCA1 tumor 
group even though these aberrations may distinguish BRCA1-related tumors from 
control breast tumors. Therefore, we developed comparative-KC-SMART, especially 
designed to find differences between aCGH profiles of two tumor groups.
Comparative-KC-SMART analysis of BRCA1 and BRCA2 breast tumors vs. 
control breast tumors
The comparative-KC-SMART algorithm calculates Kernel Smoothened Estimate 
(KSE) curves for each individual tumor from two groups. Next, we calculate the signal 
to noise ratios (SNRs) between two groups of individual KSE curves, at each genomic 
position x. We then define significant SNR values by permuting group labels setting 
a cutoff (FDR=0.05), and define which positions x are significantly differentially 
gained or lost between two tumor groups. In Figure 2, individual KSE curves from 
the BRCA1-related and BRCA2-related breast tumors were compared with those 
from control breast tumors. In Table 1 we compared the significant aberrations found 
by both the KC-SMART and comparative-KC-SMART algorithms with those 
identified in previous publications (8-11). An overview of the different gains and 
losses found by KC-SMART and comparative-KC-SMART is shown in Figure 3.

Cancer genes in regions found by comparative-KC-SMART
We used the list of annotated and putative cancer genes from the Atlas of Genetics and 
Cytogenetics in Oncology and Haematology(24, 25), and the Cancer Gene Census 
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Figure 1. Frequency plot and KC-SMART analysis of aCGH analysis BRCA1, BRCA2 and control 
breast tumors 
Analysis of CGH profiles from 27 BRCA1-related, 28 BRCA2-related and 48 control breast tumors. 
a. Examples of aCGH profiles of a BRCA1-related breast tumor, a BRCA2-related breast tumor and 
a control breast tumor. Each black dot represents the averaged log2-transformed ratio of fluorescence 
intensity of tumor DNA vs. normal (diploid) DNA for individual BAC clones, plotted at their genomic 
position. Chromosome numbers are shown on top and blue vertical lines represent chromosome 
boundaries. b. Frequency plot depicting for each BAC clone the fraction of tumors that have an absolute 
log2 ratio exceeding a threshold of 0.2. Vertical dashed lines represent centromere locations. c. Kernel 
Smoothed Estimate (KSE) curves were obtained by running the KC-SMART algorithm over the 
aCGH data of BRCA1-related (blue), BRCA2-related (orange) and control (gray) breast tumor groups 
using a kernel width of 20Mb. For each tumor group, significantly recurrent regions CNAs are depicted 
in the color matched bars above (gains) and below (losses) the KSE curves. The significantly recurrent 
gains and losses are shown in Tables 1 and 2. 
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 3(26, 27) to show the tumor-related genes for each region detected by comparative-KC-
SMART (Table 2). We assume that regions with genes that confer increased survival 
and proliferation are subject to greatest selection pressure to undergo copy number 
changes during tumor development. However, due to all kinds of regional influences 
on the genome that we did not take into consideration here (presence of miRNAs or 
other non-coding genes, fragile sites, or factors we have not yet discovered), the most 
important protein-coding gene in a region -if at all present- does not necessarily 
map to the peak of a CNA. However, we hypothesize that if a gene underlies the 
development of a recurrent CNA, it maps on, or in the vicinity of the KSE peak. To 
find the most interesting candidate cancer genes, we listed the cancer-related genes 
in genomic order according to their mid-position, and the locations of KSE peaks 
with the closest cancer related gene are shown in red (Table 2). The complete gene 
list is shown in Supplementary Table 2.
Next, we assumed that highly recurrent regions that also show a strong difference 
between two tumor groups could be of relevance for group-specific tumor 
development. Therefore, we ranked the regions according to their differential KSE 
(DKSE) values (Table 2). DKSE curves of BRCA1 and BRCA2 groups (relative 
to the control group) are shown in Figure 4. This approach allowed us to identify 
top scoring regions that distinguished best between BRCA1- or BRCA2-related 
breast tumors and control breast tumors. The greatest difference between two KSE 
curves does not necessarily occur at the peak of a KSE curve; therefore, DKSE peaks 
do not necessarily colocalize with the KSE peak-region. The large number of KSE 
peaks we detected, especially in the BRCA1 tumor group made it impossible to cover 
all putatively associated genes. Therefore, we focused on the highest ranking peaks 
detected by comparative-KC-SMART for the BRCA1- and BRCA2-related breast 
tumors. DKSE and KSE peak locations and their ranks are shown in Supplementary 
Table 3.

BRCA1 specific gains
The highest ranking gain in the BRCA1-related breast tumors is the centromeric gain 
on chromosome 3q at 151 Mb, which has not previously been linked to any gene. The 
WWTR1 gene is located at the peak of this gain, but, interestingly, the adjacent gene is 
TM4SF1 (transmembrane-4 L six family member 1), a gene implicated in epithelial 
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Table 1. Recurrent and differential gains and losses in BRCA1-related and control breast tumors, 
compared to literature. Differential gains and losses and recurrent gains and losses were determined 
by running the KC-SMART and comparative-KC-SMART algorithms over the aCGH data using a 
kernel width of 20Mb. A. BRCA1-related breast tumors. B. BRCA2-related breast tumors (opposite 
page). The upper panels of tables A and B report gains and the bottom panel reports losses. Comparative-
KC-SMART: Significantly different regions between BRCA1- or BRCA2-related breast tumors 

Table 1A. BRCA1-related tumors 
Comparative-KC-SMART KC-SMART previous study

genomic position genomic position publication cytoband genomic position remark

Chr. start (Mb) end (Mb) start (Mb) end (Mb) start-end start (Mb) end (Mb)

Gains
1 42.06 78.61 143.61 170.51 Tirkkonen 1q 124.3 247.2 BRCA1 and control

87.31 101.91 200.36 206.26 Jonsson 1q42.12-1q42.13 222.7 228.8 BRCA1 and control

166.56 168.31 211.16 221.91

229.41 242.11

2 54.31 64.36

3 131.87 164.22 144.47 156.47 van Beers 3pter-p22 0 43.6 BRCA1 33% vs.. control 0% (P=0.006)

168.37 190.17 173.57 183.67 Wessels 3q 91.7 199.5 BRCA1 79% vs.. control 26%

Jonsson 3q26.32-3q26.33 177.3 184.2 BRCA1 specific

Jonsson 3q27.1-3q27.3 184.2 189.4 BRCA1 specific

van Beers 3q13-q27 104.4 189.4 BRCA1 67% vs.. control 13% (P = 0)

6 1.24 31.14 14.94 22.34 Tirkkonen 6p 0 63.5 BRCA1 specific

37.04 45.29 Jonsson narrow on 6q BRCA1 specific

53.34 58.59

79.29 79.99

83.69 86.39

119.49 129.64

139.84 144.74

7 100.48 107.68 Wessels 7p 0 59.1 BRCA1 39% vs. control 12%

112.38 142.53 Jonsson 7q36.1-7q36.3 147.5 158.8 BRCA1 specific

149.88 157.53

8 100.07 137.42 61.52 82.37 Tirkkonen/Wessels 8q 45.2 146.3 BRCA1 and control / BRCA1 96% vs. control 67%

84.37 140.27 Jonsson 8q24.23-8q24.3 136.5 146.3 BRCA1 and control

9 van Beers 9p 0 51.8 BRCA1 33% vs. control 3% (P=0.078)

10 1.21 7.81 1.21 12.56 Tirkkonen/Wessels 10p 0 40.3 BRCA1 specific / BRCA1 46% vs. control 14%

24.51 32.31 Jonsson 10p15.3 0 3 BRCA1 specific

Jonsson 10p15.1-10p14 3.8 12.3 BRCA1 specific

van Beers 10pter-p12 0 28.3 BRCA1 50% vs. control 7% (P=0)

van Beers 10p12-q21 17.3 71.3 BRCA1 36% vs. control 3% (P=0.089)

11 25.63 33.63

12 0.15 19.10 Wessels 12p 0 35.4 BRCA1 46% vs. control 17%

13 86.26 86.66 van Beers 13q3 77.8 114.14298 BRCA1 25% vs.. control 0% (P = 0.059)

96.46 105.21

16 87.22 88.42 Tirkkonen 16p 0 45.5 BRCA1 and control

17 Tirkkonen 17q22-17q24 47.6 68.4 more common in BRCA1 than control

18 75.18 75.58 van Beers 18p 0 16.1 BRCA1 28% vs. control 3% (P=0.025)

19 13.18 21.63

32.89 44.54

21 17.88 28.38

35.13 38.43

Losses
2 Tirkkonen 2q22-2q34 136.6 215.1 more common in BRCA1 than control

3 Wessels 3p 0 91.7 BRCA1 61% vs. control 31%

4 103.70 108.00 Tirkkonen/Wessels 4p 0 50.7 more common in BRCA1 than control / BRCA1 64% vs.
                                                                      control 38%115.75 129.85 Jonsson 4p15.32-4p14 15.3 40.9 BRCA1 specific

158.85 167.15 Tirkkonen 4q22-4qter 88.2 191.3 BRCA1 specific

171.10 179.00 Jonsson 4q31.3 151 155.1 more common in BRCA1 than control

Jonsson 4q32.1-4q34 155.1 182.6 more common in BRCA1 than control

5 34.47 42.32 67.36 75.26 Tirkkonen/Wessels 5q 47.7 180.9 BRCA1 specific / BRCA1 82% vs. control 40%

49.91 148.86 Jonsson 5q11.2-5q23.3 50.5 130.4 BRCA1 specific

160.61 178.21 van Beers 5cent-q23 58.9 130.4 BRCA1 72% vs. control 27% (P = 0.025)

7 3.46 25.71

8 4.23 7.53 Jonsson 8pter-8p12 0 66.1 more common in BRCA1 than control

11 51.13 51.28

12 53.05 61.90 Wessels 12q 35.4 132.3 BRCA1 54% vs. control 26%

86.30 87.70 Tirkkonen 12q14-12q21 56.3 91.2 more common in BRCA1 than control

94.85 103.10

13 48.66 66.86 Tirkkonen 13q 18.4 114.1 more common in BRCA1 than control

Jonsson 13q13.3-13q21.32 34.7 67.2 BRCA1 and control

14 37.87 42.87 54.07 60.47

48.72 106.37 95.87 101.37

15 0.00 11.11 0.01 10.46 Jonsson 15q12-15q13.1 23.3 25.7 BRCA1 specific

33.61 51.16 18.56 23.51 Jonsson 15q15.3-15q21.1 41.4 57.1 BRCA1 specific

16 Wessels 16p 0 38.2 BRCA1 32% vs. control 12%

17 Jonsson 17p13.2-17p12 3.6 15.9 BRCA1 and control

18 Wessels 18q 16.1 76.1 BRCA1 54% vs. control 26%

20 0.33 6.48

18.43 24.93

35.00 40.55

X 53.79 66.43 41.74 50.29 Tirkkonen Xq21-Xqter 76 154.9 more common in BRCA1 than control

68.53 74.13 96.68 112.08

85.43 85.88 130.78 136.58

112.68 115.83
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to mesenchymal transition (EMT) during epithelial tumor development (28). The 
gain second in rank is located on chromosome 8q and centers on the NOV gene (121 
Mb); this gain was previously shown to be associated with overexpression of the 
MYC oncogene (128.8 Mb) but also with overexpression of several other putative 
driver genes such as the eukaryotic translation initiation factor EIF3H (117.8 Mb) 
(29). The gain third in rank is located at 178 Mb on chromosome 3q, and centers on 
the ZMAT3 gene (180.25 Mb) adjacent to PIK3CA (p110-alpha) (at 180.39 Mb) 
with which this gain was previously associated (29). The PIK3CA oncogene is often 

compared to control breast tumors. These regions correspond to the red bars on top (gains) and on the 
bottom (losses) of the respective KSE curves shown in Figure 2. KC-SMART: Significant recurrent 
regions in BRCA1 or BRCA2 breast tumors. These regions correspond to the bars on top (gains) and on 
the bottom (losses) of the KSE curves of the BRCA1 and BRCA2 tumor groups shown in Figure 1C. 
Literature Comparison: Genomic regions previously found aberrant in BRCA1- and BRCA2-related 
breast tumors (8-11) were compared with KC-SMART and comparative-KC-SMART results. Note: 
the studies by Wessels et al. (11) and by van Beers et al. (8) used largely the same tumors as analyzed in 
this study. 

1 167.21 168.81 185.51 Tirkkonen 1q 124.3 247.2 BRCA2 and control
222.61 Jonsson 1q32.1-1q41 197.5 222.1 BRCA2 and control

3 van Beers 3q13-q27 104.4 189.4 BRCA2 56% vs. control 13% (P = 0.073)
5 151.31 158.31
6 21.99
8 139.87 Tirkkonen 8q 45.2 146.3 BRCA2 and control

Jonsson 8q21.13 80.3 84.9 BRCA2 and control
Jonsson 8q22.1-8q24.3 93.5 146.3 BRCA2 and control

9 2.49 4.44
15 94.36 99.51 99.51
16 Tirkkonen 16p 0 45.5 BRCA2 and control
17 65.59 Tirkkonen 17q22-17q24 47.6 68.4 more common in BRCA2 than control

78.29 Jonsson 17q23.3-17q24.2 58.4 64.6 BRCA2 and control
Jonsson 17q25.1-17qter 68.4 78.8 BRCA2 specific

19 34.19 39.79
20 62.10 Jonsson 20q12-20q13.12 37.1 45.8 BRCA2 and control

Tirkkonen 20q13 41.1 41.6 more common in BRCA2 than control
Jonsson 20q13.13 45.8 49.2 BRCA2 specific

Losses
3 Tirkkonen 3p21-3cen 43.6 91.7 BRCA2 specific
6 160.34 Tirkkonen 6q 60.5 170.9 more common in BRCA2 than control
8 10.08 Tirkkonen 8p 0 45.2 more common in BRCA2 than control

Jonsson 8p23.3-8p21.2 0 27.4 BRCA2 and control
9 41.09
10 124.96
11 10.73 Tirkkonen 11q14-11q21 76.7 96.7 more common in BRCA2 than control

119.79 Jonsson 11q14.3-11q21 87.9 96.7 BRCA2 specific
133.94 Jonsson 11q24.2-11q25 123.5 134.5 BRCA2 specific

13 28.61 62.26 70.41 Tirkkonen 13cen 16 72.1 more common in BRCA2 than control
90.86 Jonsson 13q13.3-13q14.13 34.7 46.2 BRCA2 and control
113.76

14 52.67 105.22 62.47
105.22

15 24.91
16 Jonsson 16q22.2-16q23.2 69.4 80.5 BRCA2 and control
17 Jonsson 17p13.1-17p12 6.8 15.9 BRCA2 and control
20 0.33 4.13
21 15.33
22 28.57

36.57
49.42

X 50.14 Tirkkonen Xcen-Xq24 59.5 120.7 more common in BRCA2 than control
102.18
137.63

143.61
190.21

16.49
59.82

95.86

48.24
75.04

50.60

158.64
5.33

32.09
112.21

6.58
102.34
121.49
19.01
78.91
98.41
54.12
90.52
13.86

14.63
21.22
32.77
45.12
41.89
87.28
132.83

Table 1B. BRCA2-related tumors 
Comparative-KC-SMART KC-SMART previous study

genomic position genomic position publication cytoband genomic position remark

Chr. start (Mb) end (Mb) start (Mb) end (Mb) start-end start (Mb) end (Mb)

Gains
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mutated in tumors, resulting in a gain of function (30, 31). PIK3CA gain of function 
and amplification is associated with proliferation in the absence of mitogenic 
signals (32) and with angiogenesis (33). An interesting connotation is that PIK3CB 
(p110-beta), which has largely the same function as PIK3CA (34), resides on the 
chromosome 3q gain (at 139.9 Mb). The fourth ranking gain is the telomeric peak 
on 8q centering on YWHAZ, also known as 14-3-3ζ, which was shown to facilitate 
the activation and stabilization of beta-catenin by AKT, enhancing beta-catenin 
dependent transcription of Wnt target genes (35). Recently, 14-3-3ζ overexpression 
was shown to reduce cell-cell adhesion by E-cadherin loss, promoting epithelial-
mesenchymal-transition (EMT) (36). The fifth ranking gain on chromosome 6p 

Figure 2A. Comparative-KC-SMART analysis of aCGH data from BRCA1-related vs. control breast 
tumors. Comparative-KC-SMART analysis: For each tumor group the KSEgains and KSElosses (Kernel 
Smoothed Estimate) are shown separately. BRCA1-related (blue) vs. control (gray) breast tumors. The 
regions that are significantly differentially aberrant in the BRCA1-related group vs. the control group 
are shown as red horizontal bars on above or below the KSEgains and KSElosses respectively, and they 
are plotted as red overlays on the blue KSE curves by the color of their SNR values running from red 
(the highest SNR values) to blue (the lowest SNR values). The regions that are significant different 
in the control group vs. the BRCA1-related group are shown as green horizontal bars above or below 
the KSEgains and KSElosses respectively, and are plotted as green overlays on the gray KSE curves (no 
gradient). The SNR(k) cutoff was calculated using an FDR < 0.05. Regions labeled “E” are enriched 
with cancer-related genes (Table 3).

Table 2A. (Opposite Page) Cancer genes in regions found by comparative-KC-SMART analysis of 
BRCA1-related vs. control tumors. Cancer-related genes that map to the regions found by comparative-
KC-SMART analyses according to the Atlas of Genetics and Cytogenetics in Oncology and 
Haematology (24) putative cancer genes (plain text), annotated cancer genes combined with genes from 
the cancer gene census (26)(bold type). KSE peak locations with the closest cancer gene are shown in 
red. Differential KSE (DKSE) peaks were ranked according to DKSE values, and peak locations listed. 
Regions labeled “E” are Enriched with cancer-related genes (Table 3).
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Genes in genomic order

Bold: Annotated cancer genes  / Plain: Putative cancer genes / red: location of KSE peak and closest cancer gene

location of DKSE 
peaks (Mb)

ranked by DKSE 
value

1p 42.06 78.61 GUCA2A, FOXJ3, PPCS, YBX1, LEPRE1, ERMAP, SLC2A1, TIE1, MPL, CDC20, HYI, PTPRF, JMJD2A, ST3GAL3, ATP6V0B, B4GALT2, DMAP1, KIF2C, RPS8, BEST4,
PLK3, PTCH2, HECTD3, MUTYH, TESK2, PRDX1, AKR1A1, NASP, 45,91 Mb, TSPAN1, RAD54L, UQCRH, MKNK1, CYP4B1, CYP4A11, CYP4Z1, PDZK1IP1, TAL1 , STIL
FOXE3, FOXD2, ELAVL4, FAF1, CDKN2C, RNF11, EPS15, NRD1, RAB3B, ZFYVE9, ORC1L, GPX7, CPT2, GLIS1, DIO1, HSPB11, MRPL37, C1orf175, DHCR24, PCSK9,
PPAP2B, PRKAA2, DAB1, TACSTD2, JUN, CYP2J2, 61.96 Mb, USP1, ANGPTL3, ATG4C, FOXD3, ITGB3BP, PGM1, ROR1, JAK1, DNAJC6, LEPR, PDE4B, MIER1, IL23R,
IL12RB2, SERBP1, GADD45A, GNG12, DIRAS3, 73.46 Mb, MSH4, PIGK, AK5, DNAJB4

23.46.16 
8. 61.81 
15. 72.91

87.31 101.91 LMO4, PKN2, GBP1, GBP2, GBP5, LRRC8D, BARHL2, CDC7, TGFBR3, BRDT, GLMN, GFI1, EVI5, RPL5, CCDC18, BCAR3, GCLM, ARHGAP29, F3, DPYD, CDC14A,
VCAM1, EXTL2, 101.91 Mb

28. 93.56 

1q 166.56 168.31 166.56 Mb, ATP1B1, BLZF1, F5, SELP, SELL, SELE 14. 167.21 

2p 54.31 64.36 SPTBN1, RTN4, RPS27A, CCDC88A, SMEK2, PNPT1, EFEMP1, VRK2, FANCL, BCL11A, 60.76 Mb, REL, AHSA2, XPO1, B3GNT1, MDH1, UGP2, VPS54, PELI1  27. 59.81 

3q 131.87 164.22 PIK3R4, ASTE1, NEK11, ACPP, DNAJC13, UBA5, TMEM108, TOPBP1, TF, SRPRB, RAB6B, RYK, ANAPC13, CEP63, EPHB1, PPP2R3A, STAG1, NCK1, CLDN18, A4GNT,
ARMC8, MRAS, FAIM, PIK3CB, FOXL2, RBP1, RASA2, RNF7, TFDP2, ATR, PLS1, TRPC1, CHST2, PLSCR1, ZIC1, AGTR1, CPB1, HLTF, CP, TM4SF1, 150.77 Mb,
WWTR1, RNF13, SIAH2, GPR87, AADAC, MBNL1, P2RY1, RAP2B, AC018452.11, DHX36, MME, GMPS SSR3, CCNL1, PTX3, MLF1, RARRES1, IQCJ, IL12A, SMC4,
TRIM59, KPNA4, PPM1L

1. 151.91 

168.37 190.17 SERPINI2, PDCD10, EVI1, MDS1, SEC62, PHC3, PRKCI, SKIL, EIF5A2, PLD1, GHSR, TNFSF10, AADACL1, ECT2, NLGN1, 178.32 Mb, ZMAT3, PIK3CA, GNB4, FXR1,
DNAJC19, SOX2, DCUN1D1, LAMP3, MCF2L2, ABCC5, AP2M1, PSMD2, EIF4G1, THPO, CHRD, EPHB3, MAGEF1, MAP3K13, IGF2BP2, ETV5, DGKG, DNAJB11, HRG,
KNG1, EIF4A2, RFC4, ADIPOQ, ST6GAL1, SST, BCL6, LPP

3. 178.31 

6p 1.24 31.14 FOXQ1, FOXF2, FOXC1, WRNIP1, SERPINB9, NQO2, RIPK1, TUBB2A, TUBB2B, PRPF4B, NRN1, F13A1, SSR1, RIOK1, DSP, BMP6, TXNDC5, EEF1E1, TFAP2A,
C6orf52, MAK, 11.04 Mb, NEDD9, TMEM170B, EDN1, RPL15P3, RANBP9, CD83, JARID2, CAP2, NUP153, NHLRC1, TPMT, DEK, IBRDC2, 19.14 Mb, ID4, E2F3, CXorf29, 
SOX4, PRL, NRSN1, DCDC2, MRS2L, GPLD1, TTRAP, GMNN, SCGN, HIST1H1A, HFE, HIST1H2AC, BTN1A1, HMGN4, ABT1, HIST1H4I, ZKSCAN4, GPX5, TRIM27,
MAS1L, GABBR1, UBD, HLA-G, HLA-A, ZNRD1, PPP1R11, RNF39, TRIM26, HLA-E, ABCF1, PPP1R10, C6orf136, DHX16, MDC1, TUBB, IER3, DDR1, GTF2H4, VARSL

10. 7.54 
5. 19.04 

37.04 45.29 MTCH1, FGD2, PIM1, RNF8, GLO1, GLP1R, NFYA, NCR2, FOXP4, TFEB, PGC, C6orf49, BYSL, CCND3, TRERF1, 42.54 Mb, PRPH2, TBCC, PTCRA, GNMT, PEX6,
PPP2R5D, CUL7, PTK7, SRF, CUL9, TTBK1, ZNF318, ABCC10, POLH, MAD2L1BP, VEGF, SLC29A1, HSP90AB1, NFKBIE, CDC5L

29. 41.69 

53.34 58.59 GCLC, 54.64 Mb, BMP5, DST, ZNF451, BAG2, RAB23, PRIM2A 25. 57.69 

6q 79.29 79.99 79.29 Mb, HMGN3 35. 79.99 
83.69 86.39 TBX18, NT5E, 86.39 Mb 32. 83.43 
119.49 129.64 ASF1A, GJA1, HSF2, SERINC1, PKIB, FABP7, SMPDL3A, TCBA1, 125.49 Mb, TPD52L1, HEY2, ESNA1, C6orf173, RNF146, .61KRPTP  125.69 
139.84 144.74 139.84 Mb, AIG1, PEX3, PLAGL1 34. 141.59 

7q 100.48 107.68 SERPINE1, AP1S1, VGF, MOGAT3, RABL5, CUX1, ALKBH4, POLR2J2, LRRC17, ARMC10, DNAJC2, RELN, ORC5L, MLL5, SRPK2, RINT1, PBEF1, PIK3CG, PRKAR2B,
HBP1, SLC26A4, CBLL1, SLC26A3, DLD, LAMB1, 107.68 Mb

30. 104.83 

112.38 142.53 PPP1R3A, FOXP2, TFEC, TES, CAV2, CAV1, MET, ST7, 116.58 Mb, WNT2, ASZ1, CFTR, ING3, WNT16, FAM3C, PTPRZ1, RNF133, WASL, SPAM1, POT1, GRM8, ARF5,
PAX4, SND1, LRRC4, LEP, IMPDH1, METTL2B, CCDC136, ATP6V1F, IRF5, TNPO3, SMO, AHCYL2, NRF1, UBE2H, ZC3HC1, MEST, COPG2, MKLN1, PODXL, EXOC4,
AKR1B1, AKR1B10, BPGM, CALD1, 134.32 Mb, NUP205, PTN, DGKI, CREB3L2, TRIM24, KIAA1549, HIPK2, TBXAS1, RAB19, ADCK2, BRAF, TAS2R38, EPHB6, TRPV6  

22. 117.23 
12. 135.48 

149.88 157.53 149.88 Mb, GIMAP4, TMEM176A, KCNH2, NOS3, SLC4A2, FASTK, ABCF2, SMARCD3, NUB1, RHEB, PRKAG2, MLL3, XRCC2, ACTR3B, INSIG1, EN2, CNPY1, SHH
RNF32, MNX1, UBE3C, DNAJB6

13. 157.53 

8q 100.07 137.42 COX6C, FBXO43, SPAG1, RNF19A, PABPC1, YWHAZ, 102.42 Mb, RRM2B, UBR5, KLF10, ATP6V1C1, BAALC, FZD6, CTHRC1, WDSOF1, RIMS2, DPYS, LRP12, ABRA,
ANGPT1, RSPO2, EIF3E, TMEM74, NUDCD1, EBAG9, TRPS1, EIF3H, RAD21, EXT1, TNFRSF11B, MAL2, NOV, 120.87 Mb, ENPP2, COL14A1, MTBP, HAS2, ZHX2,
DERL1, FAM83A, ATAD2, FBXO32, ANXA13, TRMT12, RNF139, MTSS1, SQLE, KIAA0196, NSMCE2, TRIB1, FAM84B, MYC, GSDMC, ASAP1, ADCY8, KCNQ3, TG,
WISP1, NDRG1, KHDRBS3

4. 102.57 
6. 110.07 
2. 125.07 

10p 1.21 7.81 PFKP, COPEB, AKR1CL2, AKR1C1, AKR1C2, AKR1C3, 5.46 Mb, NET1, GDI2, FBXO18, IL15RA, IL2RA, RBM17, PFKFB3, PRKCQ, .75HITI  5.26 
24.51 32.31 ARHGAP21, PRTFDC1, MYO3A, GAD2, APBB1IP, SSH3BP, MASTL, RAB18, 28.01 Mb, BAMBI, MAP3K8, ZEB1, ARHGAP12  26. 28.26 

11p 25.63 33.63 ANO3, LGR4, BDNF, FSHB, 31.43 Mb, PAX6, WT1, WIT1, CCDC73, HIPK3    21. 30.43 

12p E 0.15 19.10 0.15 Mb, JARID1A, B4GALNT3, RAD52, ERC1, WNT5B, ADIPOR2, FKBP4, FOXM1, TULP3, CCND2, FGF23, FGF6, RAD51AP1, DYRK4, AKAP3, KCNA6, KCNA1, KCNA5,
NTF3, VWF, CD9, TNFRSF1A, SCNN1A, LTBR, CD27, GAPDH, IFFO1, CHD4, ACRBP, ING4, ZNF384, COPS7A, MLF2, LAG3, CD4, GNB3, USP5, TPI1, ENO2, PTPN6,
EMG1, LPCAT3, RBP5, PEX5, CD163, APOBEC1, GDF3, DPPA3, NANOGP8, SLC2A3, FOXJ2, ZNF705A, AICDA, M6PR, KLRG1, KLRB1, CD69, CLEC12B, CLEC1B,
CLEC7A, KLRK1, KLRC4, KLRC3, KLRC2, KLRC1, STYK1, CSDA, PRH2, ETV6, BCL2L14, LRP6, LOH12CR1, CREBL2, GPR19, CDKN1B, DDX47, GPRC5A, EMP1,
GRIN2B, GUCY2C, HIST4H4, ARHGDIB, RERG, PTPRO, EPS8, STRAP, 16.05 Mb, MGST1, LMO3, RERGL, PLCZ1

9. 0.18 
19. 10.20 
18.12.65 

13q 86.26 86.66 no genes in region NA
96.46 105.21 RAP2A, IPO5, FARP1, STK24, SLC15A1, GPR183, 99.61 Mb, PCCA, FGF14, ERCC5, SLC10A2     17. 97.96 

16q 87.22 88.42 IL17C, CYBA, RNF166, FAM38A, CDT1, APRT, CBFA2T3, CDH15, ANKRD11, SPG7, RPL13, CPNE7, DPEP1, CDK10, FANCA , 88.42 Mb 31. 88.42 

18q 75.18 75.58 75.18 Mb, NFATC1 36. 75.58 

19p 13.18 21.63 C19orf53, RFX1, RLN3, IL27RA, PRKACA, ASF1B, CD97, DDX39, PKN1, PTGER1, GIPC1, DNAJB1, CASP14, NOTCH3, ABHD9, BRD4, AKAP8, TPM4, RAB8A, CIB3,
CALR3, SIN3B, F2RL3, 16.88 Mb, HICE1, NR2F6, PLVAP, JAK3, SLC5A5, IL12RB1, MAST3, RAB3A, PDE4C, JUND, LSM4, PGPEP1, GDF15, ISYNA1, ELL, FKBP8,
CRTC1, COMP, UPF1, GDF1, COPE, DDX49, SLC25A42, MEF2B, RFXANK, PBX4, LPAR2, ZNF85

20. 17.28 

19q 32.89 44.54 UQCRFS1, CCNE1, ZNF507, PDCD5, C19orf40, CEPBPA, CEBPG, PEPD, 39.09 Mb, GPI, WTIP, HPN, FXYD3, FXYD5, LSR, USF2, HAMP, CD22, FFAR1, GAPDHS, ETV2,
COX6B1, UPK1A, AD000671.3, PSENEN, HSPB6, APLP1, HCST, C19orf46, COX7A1, ZNF146, HKR1, PPP1R14A, SPINT2, C19orf33, RYR1, MAP4K1, ACTN4, LGALS7,
LGALS7B, LGALS4, SIRT2, NFKBIB, PAK4, IL28A, IL29 

11. 38.89 

21q 17.88 28.38 BTG3, PRSS7, 21.03 Mb, NCAM2, GABPA, APP, CYYR1, ADAMTS1, ADAMTS5 24. 18.28 
35.13 38.43 35.13 Mb, RUNX1, CBR3, CHAF1B, SIM2, PIGP, DYRK1A, KCNJ6 33. 37.13 

4q E 103.70 108.00 MANBA, UBE2D3, NHEDC2, BDH2, CENPE, 104.40 Mb, CXXC4, TET2, AC105391.1, INTS12, GSTCD, NPNT, AC004053.1, SCYE1 31. 105.25 
115.75 129.85 NDST4, TRAM1L1, NDST3, 119.85 Mb, SYNPO2, MYOZ2, FABP2, MAD2L1, PRDM5, ANXA5, CCNA2, TRPC3, IL2, IL21, FGF2, NUDT6, FAT4, HSPA4L, PLK4, 129.85 Mb 20. 120.10 / 26.129.85
158.85 167.15 PPID, RAPGEF2, 163.25 Mb, NPY1R, ANP32C, TRIM60, KLHL2, CPE 19. 162.90
171.10 179.00 HMGB2, SAP30, FBXO8, HPGD, GLRA3, ADAM29, 176.50 Mb, SPATA4, VEGFC, NEIL3, AGA 27. 175.80 

5p 34.47 42.32 RAD1, PRLR, SKP2, SLC1A3, NIPBL, GDNF, 38.27 Mb, LIFR, OSMR, AC026713.5, DAB2, PTGER4, PRKAA1, CARD6, C7, PLCXD3, FBXO4 16.37.97 

5q 49.91 148.86 ITGA1, ITGA2, FST, HSPB3, ESM1, CCNO, DHX29, PPAP2A, DDX4, IL31RA, IL6ST, MAP3K1, 57.71 Mb, PLK2, RAB3C, ERCC8, NDUFAF2, IPO11, SDCCAG10,
ADAMTS6, ERBB2IP, CD180, PIK3R1, CCNB1, CENPH, CDK7, TAF9, RAD17, OCLN, BIRC1, GTF2H2, 70.71 Mb, MAP1B, TNPO1, BTF3, ENC1, POLK, IQGAP2, F2R,
F2RL1, S100Z, AC020898.1, THBS4, MSH3, RASGRF2, CKMT2, SSBP2, XRCC4, CSPG2, EDIL3, RASA1, CCNH, 89.66 Mb, NR2F1, RFESD, RHOBTB3, GLRX, ELL2,
PCSK1, ARTS-1, LRAP, LNPEP, RIOK2, CHD1, ST8SIA4, 102.21 Mb, PAM, EFNA5, FER, CAMK4, STARD4, C5orf13, APC, MCC, TRIM36, PGGT1B, 116.16 Mb, LOX,
CSNK1G3, ZNF608, ALDH7A1, SLC12A2, ADAMTS19, RAPGEF6, ACSL6, IL3, CSF2, PDLIM4, IRF1, IL5, RAD50, IL13, IL4, 38230, GDF9, AFF4, HSPA4, TCF7, SKP1A,
PPP2CA, UBE2B, 133.76 Mb, CAMLG, DDX46, PITX1, CXCL14IL9, TGFBI, SMAD5, SPOCK1, WNT8A, KIF20A, CDC23, CDC25C, JMJD1B, EGR1, ETF1, HSPA9B,
CTNNA1, SLC23A1, DNAJC18, UBE2D2, PSD2, NRG2, PURA, HBEGF, ANKHD1, SRA1, CD14, DND1

9. 56.16 
1. 70.90 
3, 89.15 

11. 100.61 
10. 102.11 
4. 116.71 

15. 134.16 
HARS, PCDHB1, TAF7, PCDHGA6, PCDHGA12, DIAPH1, HDAC3, FCHSD1, PCDH1, RNF14, SPRY4, FGF1, ARHGAP26, NR3C1, HMHB1, YIPF5, POU4F3, PPP2R2B,
DPYSL3, SPINK1, SPINK5, AC116333.1, SPINK7, FBXO38

160.61 178.21 161.06 Mb, CCNG1, HMMR, MAT2B, WWC1, DOCK2, FOXI1, KCNMB1, GABRP, RANBP17, TLX3, NPM1, FGF18, STK10, DUSP1, BNIP1, NKX2-5, STC2, CPEB4, MSX2,
HRH2, NOP16, HIGD2A, CLTB, RNF44, PCDH24, UNC5A, HK3, UIMC1, FGFR4, NSD1, RAB24, PRELID1, RGS14, GRK6, PDLIM7, DDX41, B4GALT7, PROP1, NOLA2,
CLK4, 178.21 Mb

22. 163.66 
12. 178.21 

7p 3.46 25.71 RBAK, ACTB, FSCN1, PMS2, USP42, CYTH3, RAC1, RPA3, PHF14, ARL4A, ETV1, TMEM195, TSPAN13, AGR2, AGR3, AHR, 18.91 Mb, TWIST1, MACC1, ITGB8, ABCB5,
IL6, KLHL7, NUPL2, GPNMB, IGF2BP3, STK31, NPY, MPP6, DFNA5, CYCS

21. 17.21 

11p 51.13 51.28 NA NA

12q E 53.05 61.90 ITGA5, PPP1R1A, LACRT, DCD, MUCL1, ITGA7, BLOC1S1, CD63, GDF11, AC073487.34, DNAJC14, MMP19, DGKA, SILV, CDK2, RAB5B, ERBB3, PA2G4, SMARCC2,
RNF41, OBFC2B, CS, IL23A, STAT2, TIMELESS, 55.15 Mb, GLS2, PTGES3, NACA, RDH16, ZBTB39, MYO1A, STAT6, LRP1, INHBC, GLI1, ARHGAP9, DDIT3, PIP4K2C,
SLC26A10, B4GALNT1, AC025165.27, AGAP2, TSPAN31, CDK4, CYP27B1, FAM119B, CTDSP2, XRCC6BP1, LRIG3, SLC16A7

25. 55.80 

86.30 87.70 87.4 Mb, KITLG 30. 87.70 
94.85 103.10 LTA4H, ELK3, PCTK2, TMPO, AC013283.23, APAF1, FAM71C, SCYL2, NR1H4, SLC5A8, UTP20, ARL1, SPIC, CHPT1, AC084398.25, IGF1, ASCL1, NT5DC3, HSP90B1,

TDG, NFYB, 103.10 Mb
23. 94.85 

14q 37.87 42.87 SIP1, PNN, MIA2, CTAGE5, 40.57 Mb, LRFN5 29. 40.42 
48.72 106.37 RPS29, PPIL5, POLE2, SDCCAG1, ARF6, SOS2, CDKL1, SAV1, NIN, GNG2, C14orf166, NID2, PTGER2, ERO1L, BMP4, CDKN3, CGRRF1, GCH1, MAPK1IP1L, LGALS3,

DLGAP5, FBXO34, KTN1, PELI2, OTX2, 57.27 Mb, ARID4A, TIMM9, DACT1, RTN1, PPM1A, SIX1, MNAT1, PRKCH, HIF1A, KCNH5, RHOJ, PPP2R5E, ESR2, AKAP5,
HSPA2, SPTB, GPX2, RAB15, MAX, FUT8, GPHN, MPP5, EIF2S1, PIGH, ARG2, RDH11, RAD51L1, ZFP36L1, ACTN1, WDR22, ERH, SLC10A1, ADAM20, MAP3K9, PCNX,
RGS6, PSEN1, NUMB, HEATR4, PNMA1, ENTPD5, LTBP2, RPS6KL1, PGF, MLH3, ACYP1, NEK9, FOS, JDP2, BATF, FLVCR2, TGFB3, ESRRB, VASH1, GSTZ1, AHSA1,
ALKBH1, SNW1, ADCK1, DIO2, 79.82 Mb, TSHR, SEL1L, GALC, GPR65, SPATA7, PTPN21, FOXN3, TDP1, CALM1, RPS6KA5, GPR68, FBLN5, TRIP11, ATXN3, RIN3,
LGMN, GOLGA5, CHGA, MOAP1, BTBD7, COX8C, ASB2, OTUB2, DDX24, IFI27, SERPINA1, SERPINA9, SERPINA4, SERPINA5, SERPINA3, GSC, DICER1, TCL6,
TCL1B, TCL1A, BDKRB2, BDKRB1, AK7, VRK1, 98.07 Mb, BCL11B, CCNK, EML1, EVL, 

2. 56.52 
5. 94.77 

YY1, C14orf68, DLK1, DIO3, PPP2R5C, HSP90AA1, RAGE, TRAF3, CDC42BPB, TNFAIP2, MARK3, CKB, TRMT61A, BAG5, KLC1, XRCC3, PPP1R13B, SIVA1, AKT1,
GPR132, JAG2, BRF1, MTA1, IGHV4-31

15p 0.00 11.11 no genes in region NA

15q 33.61 51.16 MEIS2, SPRED1, THBS1, EIF2AK4, BMF, BUB1B, PAK6, PLCB2, CASC5, RAD51, FAM82A2, DNAJC17, PPP1R14D, SPINT1, RHOV, DLL4, INO80, ITPKA, LTK, TYRO3,
MAPKBP1, VPS39, CAPN3, TTBK2, CCNDBP1, LCMT2, TP53BP1, CKMT1B, PDIA3, WDR76, CASC4, B2M, DUOX2, DUOXA2, DUOXA1, DUOX1, C15orf48, SLC30A4,
C15orf21, 44.31 Mb, DUT, FBN1, COPS2, FGF7, DTWD1, HDC, USP8, TRPM7, TNFAIP8L3, CYP19A1, GLDN, TMOD2, TMOD3, MAPK6, BCL2L10, GNB5, ONECUT1  

8. 43.36 

20p 0.33 6.48 0.33 Mb, CSNK2A1, ANGPT4, FKBP1A, PTPN1L, SIRPB1, SIRPA, PDYN, STK35, TGM3, PTPRA, GNRH2, OXT, AVP, UBOX5, ADAM33, HSPA12B, CENPB, CDC25B,
RNF24, SMOX, PRNP, RASSF2, SLC23A2, PCNA, CDS2, MCM8

32. 0.33 

18.43 24.93 RIN2, C20orf26, INSM1, XRN2, NKX2-2, PAX1, FOXA2, SSTR4, THBD, CST3, CST7, 24.93 Mb 7. 24.93 

20q 35.00 40.55 RBL1, GHRH, SRC, BLCAP, NNAT, CTNNBL1, TGM2, BPI, LBP, PPP1R16B, DHX35, 38.70 Mb, MAFB, TOP1, PLCG1, EMILIN3, CHD6 24.38.15 
Xp 53.79 57.89 FGD1, MAGED2, TRO, APEX2, PAGE5, MAGEH1, FOXR2, KLF8, 57.89 Mb 6. 57.89 

Xq 62.28 66.43 62.28 Mb, ARHGEF9, FAM123B, KIAA1166, MSN, EDA2R 28. 62.28 
68.53 74.13 EDA, ARR3, RAB41, KIF4A, DLG3, FOXO4, IL2RG, GJB1, NONO, TAF1, OGT, CXCR3, ERCC6L, CITED1, HDAC8, CHIC1, FXYD8, RNF12, 73.88 Mb 14. 72.23 
85.43 85.88 DACH2, 85.88 Mb 17. 85.88 
112.68 115.83 112.68 Mb, IL13RA2, LUZP4, AGTR2, SLC6A14 13. 112.68 

    

Gains

Losses

Table 2A. BRCA1-related vs. control tumors

Chr.
Start
(Mb)

End
(Mb)

creo
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centers on IBRDC2 at 19.14 Mb; adjacent to three important cancer related genes: 
DEK, ID4 and E2F3. The inhibitor of differentiation protein ID4 has been shown 
to downregulate BRCA1 (37) and the transcription factor E2F3 stimulates cell cycle 
transition from G1 to S-phase by repressing the p19/ARF-p53 pathway (38). 
The peaks of these five top ranking gains encompass some tumor related genes, 
which may be specifically important for BRCA1-related or undifferentiated basal-
like breast cell transformation. However, apart from the candidate driver genes at 
the peaks, the gains also encompass genes that are well known to be related with cell 
cycle progression and proliferation. It remains impossible to predict the contribution 
of each individual gene to the development of these gains but some of these genes 
are extremely important players during cell cycle progression: CDKN2C, EPS15, 
CCND3, NOTCH3, BRD4, CDKN1B (p27Kip1), MET, BRAF, JUN, CDC7 TFGBR3, 
CCND2, POLH, VEGF, just to name a few (see Table 2A).

BRCA1 specific losses
The loss on chromosome 5q encompasses the entire chromosome arm, and it could be 
that the genes underlying selection for this loss are distributed along the chromosome. 
The 5q loss has long been associated with BRCA1-related breast cancer(39). Indeed, 
in our analysis, the first, third and fourth ranking losses in the BRCA1-related breast 
tumor group all map to the 5q loss. The first ranking loss centers on 70.71 Mb on gene 
GTF2H2, which encodes the 44kDA subunit of RNA polymerase II transcription 
initiation factor IIH which is involved in basal transcription and nucleotide excision 
repair (NER). Additionally, CDK7, the kinase subunit of the TFIIH complex, 
neighbors the peak gene at 68.6 Mb. It has been shown that reduced levels of 
TFIIH affect DNA repair function by NER (40). Several genes have previously been 
associated with the chromosome arm 5q loss (41) (39) and some map around the first 
ranking loss: PIK3R1 (67.6 Mb), RAD17 (68.7 Mb) and ENC1 (73.97 mb). PI3KR1 
is the PI3K regulatory subunit p85α, associated with improved AKT activation, and 
decreased PTEN activity (42). RAD17 phosphorylation is a critical early event 
during checkpoint signaling in DNA damaged cells (43), and ENC1 (alias NRPB) 
enhances oxidative stress responses in the breast cancer cells via the Nrf2 pathway 
(44). Furthermore, the 5q loss encompasses all other genes previously associated with 
it: XRCC4, essential for tethering DNA ligase IV and Ku70/Ku80 necessary for DNA 
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 3repair by non-homologous end-joining (NHEJ) (82.5 Mb) (45), RASA1, activator of 
RAS oncogene (86.66 Mb), RAD50, part of the RAD50-MRE11-NBS1 complex, 
essential for DNA repair by NHEJ (132 Mb)(46), and PPP2R2B (146 Mb). It could 
well be that, together, most or all of these genes drive loss of the entire chromosome 
arm during BRCA1-associated tumorigenesis. 
The second ranking loss maps to 56.34 Mb on chromosome 14q, at ARID4A, alias 
RBBP1, RB binding protein 1 which interacts with the RB1 tumor suppressor protein 
and the BRMS1 breast cancer metastasis suppressor 1 (57.9 Mb) (47). The fifth 
ranking loss centers on BCL11B on 98.07 Mb, loss of which has been associated 
with vulnerability to replication stress and DNA damage (48). Similar to the gains, 
genomic losses contain many interesting genes involved in proliferation cascades: 
IL6ST, ENC1, CDK4, APAF1, RAD51, RAD51L1, XRCC3, BUB1B, MAPK6, 
CSCR3, ERS2, IGF1, FGF1, to name only a few (see Table 2A).

BRCA2 specific gains and losses
In sharp contrast with the BRCA1 tumor group, the aCGH profiles of the BRCA2 
tumor group did not differ much from those of the control group, resulting in 
much fewer differential gains and losses. The top-ranking differential gain in the 
BRCA2-related breast tumor group is located at 99.35 Mb on chromosome 15q, at 
the NR2F2 gene. This gene is adjacent to the insulin-like growth factor I receptor 
gene IGF1R (at 97.2 Mb), which is involved in proliferation and differentiation and 
which colocalizes with the estrogen receptor (49). The top-ranking differential loss in 
the BRCA2-related breast tumor group is the telomeric region on chromosome 14q, 
encompassing the XRCC3 gene (103.2 Mb). The differential loss on chromosome 
13q, which consists of two peaks of which one is located on the centromeric side 
at 37.06 Mb, is the third ranking loss and contains the BRCA2 gene. The peak at 
the telomeric side is the second ranking loss, which is found frequently in multiple 
cancer types and has been associated with DICE1/INTS6 (50) (deleted in cancer 1). 
Notably, RB1 maps between the two peaks at 48 Mb. The differential gains on 1q 
and 19q (associated with Cyclin E1) and losses on 14q and 20p are also found in 
the BRCA1 group. It might therefore be possible that these CNAs are involved in 
survival of BRCA-mutated cells with homologous repair deficiency.
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Cancer gene enrichment analysis
We wanted to know whether selection during tumor development gives rise to 
recurrent copy number gain or loss of genomic regions that are enriched for oncogenes 
or tumor suppressor genes. For this we used the Fishers Exact test to analyze whether 
genomic regions as identified by KC-SMART and comparative-KC-SMART were 
enriched for annotated or putative cancer-related genes from the Atlas of Genetics 
and Cytogenetics in Oncology and Haematology (24). In five analyses, (i.e. three 
KC-SMART analyses of BRCA1-, BRCA2-related and control tumors, and two 
comparative-KC-SMART analyses of BRCA1- and BRCA2-related tumors vs. 
control tumors), none of the regions were significantly enriched for annotated tumor-
related genes but four of the regions were significantly enriched for putative tumor-
related genes (Table 3A, regions labeled “E” in Table 2A, and Figure 2). However, 
these regions were not among the regions with the highest ranking DKSE values.
To test whether the most differentially recurrent regions are significantly enriched 
for cancer-related genes, we ranked all genes according to their DKSE values and 
looked whether putative or annotated cancer-related genes mapped differentially to 
regions with higher or lower DKSE values (Supplementary Figure 4). Again, we did 
not find any evidence for cancer gene enrichment in the highest ranking regions.

Figure 2B Comparative-KC-SMART analysis of aCGH data from BRCA2-related vs. control breast 
tumors. Comparative-KC-SMART analysis: For each tumor group the KSEgains and KSElosses (Kernel 
Smoothed Estimate) are shown separately. BRCA2-related (blue) vs. control (gray) breast tumors. Idem 
Figure 2A.
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Gene set enrichment analysis (GSEA)
Next, we tested whether genes mapping in the differentially recurrent gains and 
losses found by comparative-KC-SMART were enriched for previously identified 
gene signatures or gene sets. For this, we used the 1892 curated gene sets in the 
C2 collection of the Molecular Signature Database (51, 52). The results for gene 
set enrichments with adjusted p-value < 0.01 are listed in Table 3B. In line with 
the ER-negative status of BRCA1-related breast cancers (53), we found that gains 
found in BRCA1-related tumors but not in sporadic breast tumors are enriched for 
genes from the ER-negative breast tumor signature identified by van ‘t Veer et al 
(54)(p=2.75E-11, Fishers Exact test, BH corrected for multiple testing).

Discussion

During cancer progression, genetic aberrations are acquired as a result of genomic 
instability. In this work, we analyzed recurrent DNA copy number aberrations in 
genomically unstable BRCA1- and BRCA2-related breast tumors. BRCA1-related 
tumors are associated with a basal-like cell type (53, 55), therefore, differential gains 
and losses associated with BRCA1-related tumors might reflect aberrations that 
confer selective advantage to basal-like breast cells, to BRCA1-mutated cells or to 
both. In contrast, BRCA2-related tumors resemble sporadic breast tumors (5), which 

Table 2B. (Opposite Page) Cancer genes in regions found by comparative-KC-SMART analysis of 
BRCA2-related vs. control tumors. Idem Table 2A.

1q 167.21 168.81 167.36 Mb, SELP,  BLZF1, ATP1B1, F5,  SELL, SELE       2 167.81 Mb

5q 151.31 158.31 ITK, HAVCR1, CNOT8, SAP30L, 155.41 Mb, GEMIN5, HAVCR2, ADAM19            3.155.16 Mb

9p 2.49 4.44 2.62 Mb 5. 2.94 Mb

15q 94.36 99.51 ALDH1A3, ADAMTS17, MEF2A, SYNM, IGF1R, NR2F2, 99.35 Mb 1. 99.25 Mb

19q 34.19 39.79 WTIP, GPI, CCNE1, UQCRFS1, ZNF507, PDCD5, 38.54 Mb, C19orf40, CEBPA, CEBPG, PEPD         4. 37.94 Mb

13q 28.61 62.26 HMGB1, ALOX5AP, HSPH1, BRCA2, PDS5B, KL, STARD13, RFC3, NBEA, DCAMKL1, SPG20, CCNA1, SMAD9, FAM48A, POSTN, 37.06 Mb, TRPC4, LHFP, 
FOXO1A, ELF1, C13orf15, AKAP11, TNFSF11, EPSTI1, DNAJC15, TSC22D1, TPT1, SPERT, CPB2, LCP1, HTR2A, ITM2B, RB1, P2RY5, RCBTB2, PHF11, 
RCBTB1, ARL11, KPNA3, TRIM13, KCNRG, RNASEH2B, INTS6, ATP7B, NEK5, NEK3, THSD1, HNRNPA1L2, PCDH8, OLFM4, 57.16 Mb  

3. 39.16 Mb
2. 54.85 Mb

14q 52.67 105.22 BMP4, CDKN3, CGRRF1, GCH1, MAPK1IP1L, LGALS3, DLGAP5, FBXO34, KTN1, PELI2, OTX2, ARID4A, TIMM9, DACT1, 58.32 Mb, RTN1, PPM1A, SIX1, 
MNAT1, PRKCH, HIF1A, KCNH5, RHOJ, PPP2R5E, ESR2, AKAP5, HSPA2, SPTB, GPX2, RAB15, MAX, FUT8, GPHN, MPP5, EIF2S1, PIGH, ARG2, RDH11, 
RAD51L1, ZFP36L1, ACTN1, WDR22, ERH, SLC10A1, ADAM20, MAP3K9, PCNX, RGS6, PSEN1, NUMB, HEATR4, PNMA1, ENTPD5, LTBP2, RPS6KL1, 
PGF, MLH3, ACYP1, NEK9, FOS, JDP2, BATF, FLVCR2, TGFB3, ESRRB, VASH1, GSTZ1, AHSA1, ALKBH1, SNW1, ADCK1, 77.62 Mb, DIO2, TSHR, SEL1L, 
GALC, GPR65, SPATA7, PTPN21, FOXN3, TDP1, CALM1, RPS6KA5, GPR68, FBLN5, TRIP11, ATXN3, RIN3, LGMN, GOLGA5, CHGA, MOAP1, BTBD7, 
COX8C, ASB2, OTUB2, DDX24, IFI27, SERPINA1, SERPINA9, SERPINA4, SERPINA5, SERPINA3, GSC, DICER1, TCL6, TCL1B, TCL1A, BDKRB2, 
BDKRB1, AK7, VRK1, BCL11B, CCNK, EML1, EVL, YY1, C14orf68, DLK1, DIO3, PPP2R5C, HSP90AA1, RAGE, TRAF3, CDC42BPB, TNFAIP2, MARK3, 
CKB, TRMT61A, BAG5, KLC1, XRCC3, PPP1R13B, SIVA1, AKT1, GPR132, JAG2, BRF1, MTA1, 105.21 Mb

4. 59.07 Mb
6. 77.62 Mb

1. 103.72 Mb

20p 0.33 4.13 0.35 Mb, CSNK2A1, ANGPT4, FKBP1A, PTPN1L, SIRPB1, SIRPA, PDYN, STK35, TGM3, PTPRA, GNRH2, OXT, AVP, UBOX5, ADAM33, HSPA12B, CENPB, 
CDC25B, RNF24, SMOX

5. 0.35 Mb

Losses

Genes in genomic order

Bold: Annotated cancer genes  / Plain: Putative cancer genes / red: location of KSE peak and closest cancer gene

location of DKSE 
peaks (Mb)

ranked by DKSE 
value

    

Gains

Table 2B. BRCA2-related vs. control tumors

Chr.
Start
(Mb)

End
(Mb)
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are commonly luminal, therefore, differentially recurrent CNAs in these tumors may 
be associated with luminal cell type, with BRCA2 status or both. 
The genomic profiles of these breast tumors harbor information about their 
dependency on certain molecular signals. To identify candidate driver genes within 
recurrent CNAs of in BRCA-associated tumors, we applied our KC-SMART 
algorithm to aCGH profiles of both tumor groups, and determined whether genes 
on the peaks of recurrent gains and losses might underlie selection of these regions 
during BRCA-associated tumor development
Generally, we found that regions of recurrent gain (such as on chromosomes 1q and 
8q) were not recurrently lost, and recurrent losses (such as chromosome arm 5q in the 
BRCA1-tumor group and chromosome 13q in all tumor groups) were not recurrently 
gained. This finding suggests that specific gains and losses are not a result of random 
gain or loss of genomic regions but instead caused by positive or negative selection 
pressure during tumor development. Moreover, we find that gains and losses are not 
enriched for cancer-related genes, suggesting that the selection pressure to gain or 
lose a specific region depends on only a few driver genes. Alternatively, it might be 
possible that recurrent CNAs are not enriched for cancer genes as such, but for the 
subset of cancer genes that are most potent in breast oncogenesis.

CNAs specific for BRCA1-dependent breast cancer
A wealth of data has been published linking genes to amplifications and deletions 
(10, 41, 56-59). Some studies also compared mRNA expression of these genes to 
validate their involvement in tumor development (60, 61). Unfortunately, we were 
not able to compare gene expression data with the aCGH data from our tumor 
set. In stead we used our KC-SMART method to closely define the peaks of all 
recurrent gains and losses, which may harbor the driver gene(s) of interest. With our 
novel comparative-KC-SMART algorithm we determined which gains and losses 
occurred significantly differentially between BRCA1-related cancers, BRCA2-
related tumors and control cases. We identified with much greater specificity the 
known hallmarks of BRCA1-related breast tumors (8-11, 59). We also found new 
regions that differentiate BRCA1-related tumors from control tumors, such as the 
first ranking gain that could be associated with TM4SF1 (transmembrane-4 L six 
family member 1), implicated in epithelial to mesenchymal transition (EMT) (28). 
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 3Most regions that we identified are also hallmarks for non-familial basal-like breast 
tumors (41, 62, 63). Indeed, the differential gains between BRCA1-related tumors 
vs. control tumors were significantly enriched for genes that were found consistently 
upregulated in ER-negative breast tumors (54), suggesting that gains and losses 
that develop during BRCA1-related tumor growth encompass genes that are also 
involved in non-familial ER-negative breast tumor development.
One of the hallmarks of ER-negative basal-like and BRCA1-related tumors is 
upregulation of the epidermal growth factor receptor (EGFR, HER1) (55, 64, 
65), which transfers paracrine differentiation and proliferation signals from EGF 
expressing cells by activating the PI3K-AKT and the RAS/MEK/ERK cascades. 
Although the genomic location of EGFR (chromosome 7 at 55 Mb) is not gained 
in our BRCA1-related tumor group, comparative-KC-SMART shows that the 
immediate downstream effector of EGFR signaling, PIK3CA (located on chromosome 
3q) was gained with significantly higher frequency in BRCA1-related breast tumors 
compared with control breast tumors. A recent study by Lopez-Knowles et et al 
showed that PI3K pathway activation is associated with basal-like breast cancer (66) 
and additionally, Hoeflich et al showed that combined inhibition of MEK and PI3K 
pathways potently inhibited basal-like cell growth in vitro and in vivo (67). 
Similarly, the chromosome 8q gain encompassing the MYC gene, which is activated 
through the PI3K pathway signaling (68), was previously linked with BRCA1-related 
tumors (69). The 14-3-3zeta gene, which is also located on the 8q gain, acts downstream 
of the PI3K pathway, as it was shown to facilitate the activation and stabilization of 
beta-catenin by AKT, thereby enhancing beta-catenin dependent transcription of 
Wnt target genes (35). Therefore, in agreement with recent publications (66) (67), 
multiple peak regions of the recurrent gains in BRCA1-related tumors link to PI3K 
pathway activation. 

CNAs specific for BRCA2-dependent breast cancer
The cellular phenotypes of BRCA2-related tumors resemble those of sporadic breast 
cancers: they are most often ER-positive luminal breast tumors. Previous studies 
identified BRCA2 specific gains on chromosomes 17q and 20q (10), and losses on 
chromosomes 3p and 11q (9, 10). In our analyses, KC-SMART, but not comparative-
KC-SMART detected these genomic gains and losses in BRCA2-related tumors, 
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suggesting they occur with similar frequency in BRCA2-related and non-familial 
control tumors. Interestingly, the top-ranking differential gain in the BRCA2 
tumors maps to chromosome 15q at the IGF1R gene. This receptor is expressed 
on ER-positive cells (49) and is indispensable for proliferation and differentiation 
of mammary epithelium. In addition, IGFR signaling has been shown to be anti-
apoptotic in breast cancer stem cells (70, 71). 
Furthermore, we find two differential losses on chromosome 13q which include the 
BRCA2 and the RB1 gene. Development of BRCA2-associated tumors may be more 
dependent on RB1 loss than sporadic breast cancers. Alternatively, this recurrent 
CNA reflects selection of loss of the residual wild-type BRCA2 allele in BRCA2-
related tumor development. Likewise, we find a differential gain on chromosome 
19q, associated with Cyclin E1, (CCNE1, 35 Mb)(29), overexpression of which 
has been associated with increased chromosomal instability in (breast) cancer cells 
(72), and a differential loss of 14q encompassing XRCC3, which is an essential 
factor for formation of active RAD51 repair complexes at DNA breaks, allowing 
recombinatorial repair (73).
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Figure 3. Overview of gains and losses determined by KC-SMART and comparative-KC-SMART
a. Top, recurrent gains and losses of the BRCA1-related tumor group determined by KC-SMART 
analysis; genomic regions of significant gains are shown above and the losses below the line. Below, the 
significant differential gains and losses between BRCA1-related and mixed cell type control tumors 
determined by comparative-KC-SMART analysis. b. Idem, BRCA2-related tumor group. c. KC-
SMART analysis of control tumors.
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Conclusions

A common problem with analysis of aCGH data is that once recurrently amplified 
or deleted regions are identified, it is difficult to find the underlying driver genes that 
are responsible for the development of a regional gain or loss. Our KC-SMART 
and comparative KC-SMART algorithms may be useful for identifying candidate 
driver genes located at or near peak regions in recurrent CNAs. Our data suggest 
that recurrent CNAs develop in a distinct direction – either gain or loss – dependent 
on only few driver genes or on enrichment of potent cancer genes within a region, 
as recurrent CNAs are not enriched for cancer-related genes in general. Our data 
suggest that distinctly different gains and losses are involved in the development 
of BRCA1- and BRCA2-related breast tumors, which signifies a differential 
dependence on oncogene amplification or tumor suppressor gene deletion. These 
changes may be cell type dependent, as most BRCA1-related tumors showed a basal-
like phenotype, whereas our BRCA2-related tumor group had a luminal phenotype. 
Of note, multiple important players in the PI3K pathway are more frequently gained 
or lost in the BRCA1-related basal-like breast cancers than in the other tumor 

Table 3. Cancer gene enrichment. Analysis of enrichment for annotated and putative tumor-related 
genes according to the Atlas of Genetics and Cytogenetics in Oncology and Haematology (24). In total, 
140 regions detected by KC-SMART and comparative-KC-SMART analyses were tested. A. Regions 
significantly enriched with putative oncogenes: p-value < 0.05. *P value is Bonferroni corrected for 140 
tests. B. Gene set enrichment analysis (GSEA). *Benjamini Hochberg correction for 1892 curated gene 
sets from the Molcular Signatures Database / GSEA. **GSEA gene symbols were matched to Ensembl 
gene symbols.

tumor group
and
analysis

chromosome gain/loss start (Mb) end (Mb) total genes annotated putative
p-value*
(putative)

whole genome 36209 596 6372

KC-SMART
BRCA1 1 gain 200.36 206.26 144 0 45 2.974E-03

4 loss 103.70 108.00 27 0 13 7.497E-03
12 gain 0.15 19.10 295 7 83 3.547E-04
12 loss 53.05 61.9 163 4 47 1.900E-02

Tumor group GSEA gene set GSEA  gene set description p-value*
genes 
tested**

in gene set not in gene set in gene set not in gene set

BRCA1 vs. sporadic gains BRCA_ER_NEG
van 't Veer et al, Nature, 2002
(929 genes)

Genes whose expression is consistently 
negatively correlated with estrogen receptor 
status in breast cancer - higher expression is 
associated with ER-negative tumors

2.75E-11 173 2011 687 16455 860 / 929

CHESLER_BRAIN_NEURAL_HIGH_GENES 
Chesler et al., Nature Genetics, 2005
(28 genes)

Genes with high expression of transcripts in 
brain and other neural tissues (from the GNF 
Expression Atlas) 

6.67E-06 14 2170 8 17134 22 / 28

HSA04742_TASTE_TRANSDUCTION
KEGG pathway
(Kanehisa et al., NAR, 2008)
(53 genes)

Genes involved in taste transduction 2.68E-04 19 2165 29 17113 48 / 53

amount of genes
FOUND

by comparative-KC-SMART

amount of genes
NOT FOUND

by comparative-KC-SMART

Table 3. Cancer Gene Enrichment

comparative-KC-SMART
BRCA1

A.

B.
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groups. This would advocate a greater investment in targeted therapies against this 
pathway for the treatment of basal-like/triple-negative tumors, which are refractory 
to endocrine agents or HER2-targeting therapies.

Acknowledgements

This work was supported by grants from the Netherlands Organization for Scientific 
Research (NWO Vidi 917.036.347) and the Dutch Cancer Society (NKI 2002-
2635). We thank Peter Bouwman for critically reading this manuscript.

References
1. Friedberg EC, McDaniel LD, Schultz RA: The role of endogenous and exogenous DNA damage 

and mutagenesis. Curr Opin Genet Dev 2004, 14(1):5-10.
2. Wooster R, Bignell G, Lancaster J, Swift S, Seal S, Mangion J, Collins N, Gregory S, Gumbs 

C, Micklem G: Identification of the breast cancer susceptibility gene BRCA2. Nature 1995, 
378(6559):789-792.

3. Miki Y, Swensen J, Shattuck-Eidens D, Futreal PA, Harshman K, Tavtigian S, Liu Q, Cochran C, 
Bennett LM, Ding W et al: A strong candidate for the breast and ovarian cancer susceptibility gene 
BRCA1. Science 1994, 266(5182):66-71.

4. Turner N, Tutt A, Ashworth A: Hallmarks of ‘BRCAness’ in sporadic cancers. Nat Rev Cancer 
2004, 4(10):814-819.

5. Bane AL, Beck JC, Bleiweiss I, Buys SS, Catalano E, Daly MB, Giles G, Godwin AK, Hibshoosh 
H, Hopper JL et al: BRCA2 mutation-associated breast cancers exhibit a distinguishing phenotype 
based on morphology and molecular profiles from tissue microarrays. Am J Surg Pathol 2007, 
31(1):121-128.

6. Eerola H, Heikkila P, Tamminen A, Aittomaki K, Blomqvist C, Nevanlinna H: Histopathological 
features of breast tumours in BRCA1, BRCA2 and mutation-negative breast cancer families. Breast 
Cancer Res 2005, 7(1):R93-100.

7. Foulkes WD, Stefansson IM, Chappuis PO, Begin LR, Goffin JR, Wong N, Trudel M, Akslen LA: 
Germline BRCA1 mutations and a basal epithelial phenotype in breast cancer. J Natl Cancer Inst 
2003, 95(19):1482-1485.

8. van Beers EH, van Welsem T, Wessels LF, Li Y, Oldenburg RA, Devilee P, Cornelisse CJ, Verhoef S, 
Hogervorst FB, van’t Veer LJ et al: Comparative genomic hybridization profiles in human BRCA1 
and BRCA2 breast tumors highlight differential sets of genomic aberrations. Cancer Res 2005, 
65(3):822-827.

9. Tirkkonen M, Johannsson O, Agnarsson BA, Olsson H, Ingvarsson S, Karhu R, Tanner M, Isola J, 
Barkardottir RB, Borg A et al: Distinct somatic genetic changes associated with tumor progression 
in carriers of BRCA1 and BRCA2 germ-line mutations. Cancer Res 1997, 57(7):1222-1227.

10. Jonsson G, Naylor TL, Vallon-Christersson J, Staaf J, Huang J, Ward MR, Greshock JD, Luts L, 
Olsson H, Rahman N et al: Distinct genomic profiles in hereditary breast tumors identified by 
array-based comparative genomic hybridization. Cancer Res 2005, 65(17):7612-7621.

11. Wessels LF, van Welsem T, Hart AA, van’t Veer LJ, Reinders MJ, Nederlof PM: Molecular 
classification of breast carcinomas by comparative genomic hybridization: a specific somatic genetic 
profile for BRCA1 tumors. Cancer Res 2002, 62(23):7110-7117.

12. Joosse SA, van Beers EH, Tielen IH, Horlings H, Peterse JL, Hoogerbrugge N, Ligtenberg 
MJ, Wessels LF, Axwijk P, Verhoef S et al: Prediction of BRCA1-association in hereditary non-
BRCA1/2 breast carcinomas with array-CGH. Breast Cancer Res Treat 2008.



97

C
ha

pt
er

 313. Barrett T, Troup DB, Wilhite SE, Ledoux P, Rudnev D, Evangelista C, Kim IF, Soboleva A, 
Tomashevsky M, Marshall KA et al: NCBI GEO: archive for high-throughput functional genomic 
data. Nucleic Acids Res 2009, 37(Database issue):D885-890.

14. NCBI’s Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo/query/acc.
cgi?acc=GPL4560)

15. Joosse SA, Brandwijk KIM, Devilee P, Wesseling J, Hogervorst FBL, Verhoef S, Nederlof PM: 
Prediction of BRCA2-association in hereditary non-BRCA1/2 breast carcinomas with array-
CGH. In. Amsterdm: Netherlands Cancer Institute; 2009.

16. R_Development_Core_Team: R: A Language and Environment for Statistical Computing. Vienna; 
2008.

17. Klijn C, Holstege H, de Ridder J, Liu X, Reinders M, Jonkers J, Wessels L: Identification of cancer 
genes using a statistical framework for multiexperiment analysis of nondiscretized array CGH data. 
Nucleic Acids Res 2008, 36(2):e13.

18. Gentleman RC, Carey VJ, Bates DM, Bolstad B, Dettling M, Dudoit S, Ellis B, Gautier L, 
Ge Y, Gentry J et al: Bioconductor: open software development for computational biology and 
bioinformatics. Genome Biol 2004, 5(10):R80.

19. Bioconductor open source software for bioinformatics (www.bioconductor.org)
20. Lander ES, Linton LM, Birren B, Nusbaum C, Zody MC, Baldwin J, Devon K, Dewar K, 

Doyle M, FitzHugh W et al: Initial sequencing and analysis of the human genome. Nature 2001, 
409(6822):860-921.

21. Flicek P, Aken BL, Beal K, Ballester B, Caccamo M, Chen Y, Clarke L, Coates G, Cunningham F, 
Cutts T et al: Ensembl 2008. Nucleic Acids Res 2008, 36(Database issue):D707-714.

22. Ensembl Genome Browser (www.ensembl.org)
23. UCSC Genome Browser (http://genome.ucsc.edu/)
24. Huret JL, Dessen P, Bernheim A: Atlas of Genetics and Cytogenetics in Oncology and Haematology, 

year 2003. Nucleic Acids Res 2003, 31(1):272-274.
25. Atlas of Genetics and Cytogenetics in Oncology and Haematology 
26. Futreal PA, Coin L, Marshall M, Down T, Hubbard T, Wooster R, Rahman N, Stratton MR: A 

census of human cancer genes. Nat Rev Cancer 2004, 4(3):177-183.
27. Cancer Gene Census, Cancer Genome Project Wellcome Trust Sanger Institute (http://www.

sanger.ac.uk/genetics/CGP/Census/)
28. Kao YR, Shih JY, Wen WC, Ko YP, Chen BM, Chan YL, Chu YW, Yang PC, Wu CW, Roffler SR: 

Tumor-associated antigen L6 and the invasion of human lung cancer cells. Clin Cancer Res 2003, 
9(7):2807-2816.

29. Myllykangas S, Bohling T, Knuutila S: Specificity, selection and significance of gene amplifications 
in cancer. Semin Cancer Biol 2007, 17(1):42-55.

30. Gymnopoulos M, Elsliger MA, Vogt PK: Rare cancer-specific mutations in PIK3CA show gain of 
function. Proc Natl Acad Sci U S A 2007, 104(13):5569-5574.

31. Samuels Y, Wang Z, Bardelli A, Silliman N, Ptak J, Szabo S, Yan H, Gazdar A, Powell SM, Riggins 
GJ et al: High frequency of mutations of the PIK3CA gene in human cancers. Science 2004, 
304(5670):554.

32. Kalaany NY, Sabatini DM: Tumours with PI3K activation are resistant to dietary restriction. Nature 
2009, 458(7239):725-731.

33. Graupera M, Guillermet-Guibert J, Foukas LC, Phng LK, Cain RJ, Salpekar A, Pearce W, Meek 
S, Millan J, Cutillas PR et al: Angiogenesis selectively requires the p110alpha isoform of PI3K to 
control endothelial cell migration. Nature 2008, 453(7195):662-666.

34. Wee S, Wiederschain D, Maira SM, Loo A, Miller C, deBeaumont R, Stegmeier F, Yao YM, 
Lengauer C: PTEN-deficient cancers depend on PIK3CB. Proc Natl Acad Sci U S A 2008, 
105(35):13057-13062.

35. Tian Q, Feetham MC, Tao WA, He XC, Li L, Aebersold R, Hood L: Proteomic analysis identifies 
that 14-3-3zeta interacts with beta-catenin and facilitates its activation by Akt. Proc Natl Acad Sci 
U S A 2004, 101(43):15370-15375.

36. Lu J, Guo H, Treekitkarnmongkol W, Li P, Zhang J, Shi B, Ling C, Zhou X, Chen T, Chiao PJ et 
al: 14-3-3zeta Cooperates with ErbB2 to promote ductal carcinoma in situ progression to invasive 



98

breast cancer by inducing epithelial-mesenchymal transition. Cancer Cell 2009, 16(3):195-207.
37. Beger C, Pierce LN, Kruger M, Marcusson EG, Robbins JM, Welcsh P, Welch PJ, Welte K, King 

MC, Barber JR et al: Identification of Id4 as a regulator of BRCA1 expression by using a ribozyme-
library-based inverse genomics approach. Proc Natl Acad Sci U S A 2001, 98(1):130-135.

38. Aslanian A, Iaquinta PJ, Verona R, Lees JA: Repression of the Arf tumor suppressor by E2F3 is 
required for normal cell cycle kinetics. Genes Dev 2004, 18(12):1413-1422.

39. Johannsdottir HK, Jonsson G, Johannesdottir G, Agnarsson BA, Eerola H, Arason A, Heikkila P, 
Egilsson V, Olsson H, Johannsson OT et al: Chromosome 5 imbalance mapping in breast tumors 
from BRCA1 and BRCA2 mutation carriers and sporadic breast tumors. Int J Cancer 2006, 
119(5):1052-1060.

40. Vermeulen W, Bergmann E, Auriol J, Rademakers S, Frit P, Appeldoorn E, Hoeijmakers JH, 
Egly JM: Sublimiting concentration of TFIIH transcription/DNA repair factor causes TTD-A 
trichothiodystrophy disorder. Nat Genet 2000, 26(3):307-313.

41. Bergamaschi A, Kim YH, Wang P, Sorlie T, Hernandez-Boussard T, Lonning PE, Tibshirani R, 
Borresen-Dale AL, Pollack JR: Distinct patterns of DNA copy number alteration are associated 
with different clinicopathological features and gene-expression subtypes of breast cancer. Genes 
Chromosomes Cancer 2006, 45(11):1033-1040.

42. Philp AJ, Campbell IG, Leet C, Vincan E, Rockman SP, Whitehead RH, Thomas RJ, Phillips 
WA: The phosphatidylinositol 3’-kinase p85alpha gene is an oncogene in human ovarian and colon 
tumors. Cancer Res 2001, 61(20):7426-7429.

43. Wang X, Zou L, Lu T, Bao S, Hurov KE, Hittelman WN, Elledge SJ, Li L: Rad17 phosphorylation 
is required for claspin recruitment and Chk1 activation in response to replication stress. Mol Cell 
2006, 23(3):331-341.

44. Seng S, Avraham HK, Jiang S, Yang S, Sekine M, Kimelman N, Li H, Avraham S: The nuclear 
matrix protein, NRP/B, enhances Nrf2-mediated oxidative stress responses in breast cancer cells. 
Cancer Res 2007, 67(18):8596-8604.

45. Mari PO, Florea BI, Persengiev SP, Verkaik NS, Bruggenwirth HT, Modesti M, Giglia-Mari G, 
Bezstarosti K, Demmers JA, Luider TM et al: Dynamic assembly of end-joining complexes requires 
interaction between Ku70/80 and XRCC4. Proc Natl Acad Sci U S A 2006, 103(49):18597-
18602.

46. Heikkinen K, Rapakko K, Karppinen SM, Erkko H, Knuutila S, Lundan T, Mannermaa A, Borresen-
Dale AL, Borg A, Barkardottir RB et al: RAD50 and NBS1 are breast cancer susceptibility genes 
associated with genomic instability. Carcinogenesis 2006, 27(8):1593-1599.

47. Meehan WJ, Samant RS, Hopper JE, Carrozza MJ, Shevde LA, Workman JL, Eckert KA, 
Verderame MF, Welch DR: Breast cancer metastasis suppressor 1 (BRMS1) forms complexes with 
retinoblastoma-binding protein 1 (RBP1) and the mSin3 histone deacetylase complex and represses 
transcription. J Biol Chem 2004, 279(2):1562-1569.

48. Kamimura K, Mishima Y, Obata M, Endo T, Aoyagi Y, Kominami R: Lack of Bcl11b tumor 
suppressor results in vulnerability to DNA replication stress and damages. Oncogene 2007, 
26(40):5840-5850.

49. Foekens JA, Portengen H, van Putten WL, Trapman AM, Reubi JC, Alexieva-Figusch J, Klijn JG: 
Prognostic value of receptors for insulin-like growth factor 1, somatostatin, and epidermal growth 
factor in human breast cancer. Cancer Res 1989, 49(24 Pt 1):7002-7009.

50. Wieland I, Arden KC, Michels D, Klein-Hitpass L, Bohm M, Viars CS, Weidle UH: Isolation 
of DICE1: a gene frequently affected by LOH and downregulated in lung carcinomas. Oncogene 
1999, 18(32):4530-4537.

51. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA, Paulovich A, Pomeroy 
SL, Golub TR, Lander ES et al: Gene set enrichment analysis: a knowledge-based approach for 
interpreting genome-wide expression profiles. Proc Natl Acad Sci U S A 2005, 102(43):15545-
15550.

52. Gene Set Enrichment Analysis (GSEA) Broad Institute ( http://www.broad.mit.edu/gsea/)
53. Turner NC, Reis-Filho JS: Basal-like breast cancer and the BRCA1 phenotype. Oncogene 2006, 

25(43):5846-5853.
54. van ‘t Veer LJ, Dai H, van de Vijver MJ, He YD, Hart AA, Mao M, Peterse HL, van der Kooy 



99

C
ha

pt
er

 3K, Marton MJ, Witteveen AT et al: Gene expression profiling predicts clinical outcome of breast 
cancer. Nature 2002, 415(6871):530-536.

55. Lakhani SR, Reis-Filho JS, Fulford L, Penault-Llorca F, van der Vijver M, Parry S, Bishop T, 
Benitez J, Rivas C, Bignon YJ et al: Prediction of BRCA1 status in patients with breast cancer using 
estrogen receptor and basal phenotype. Clin Cancer Res 2005, 11(14):5175-5180.

56. Fridlyand J, Snijders AM, Ylstra B, Li H, Olshen A, Segraves R, Dairkee S, Tokuyasu T, Ljung BM, 
Jain AN et al: Breast tumor copy number aberration phenotypes and genomic instability. BMC 
Cancer 2006, 6:96.

57. Chin SF, Wang Y, Thorne NP, Teschendorff AE, Pinder SE, Vias M, Naderi A, Roberts I, Barbosa-
Morais NL, Garcia MJ et al: Using array-comparative genomic hybridization to define molecular 
portraits of primary breast cancers. Oncogene 2007, 26(13):1959-1970.

58. Albertson DG: Profiling breast cancer by array CGH. Breast Cancer Res Treat 2003, 78(3):289-
298.

59. Naylor TL, Greshock J, Wang Y, Colligon T, Yu QC, Clemmer V, Zaks TZ, Weber BL: High 
resolution genomic analysis of sporadic breast cancer using array-based comparative genomic 
hybridization. Breast Cancer Res 2005, 7(6):R1186-1198.

60. Haverty PM, Fridlyand J, Li L, Getz G, Beroukhim R, Lohr S, Wu TD, Cavet G, Zhang Z, Chant 
J: High-resolution genomic and expression analyses of copy number alterations in breast tumors. 
Genes Chromosomes Cancer 2008, 47(6):530-542.

61. Chin SF, Teschendorff AE, Marioni JC, Wang Y, Barbosa-Morais NL, Thorne NP, Costa JL, Pinder 
SE, van de Wiel MA, Green AR et al: High-resolution aCGH and expression profiling identifies a 
novel genomic subtype of ER negative breast cancer. Genome Biol 2007, 8(10):R215.

62. Adelaide J, Finetti P, Bekhouche I, Repellini L, Geneix J, Sircoulomb F, Charafe-Jauffret E, Cervera 
N, Desplans J, Parzy D et al: Integrated profiling of basal and luminal breast cancers. Cancer Res 
2007, 67(24):11565-11575.

63. Horlings H, Lai C, Nuyten D, Halfwerk H, Kristel P, van Beers EH, Joosse SA, Klijn C, Nederlof 
PM, Reinders M et al: Integration of DNA copy number alterations and prognostic gene expression 
signatures in breast cancer patients. submitted.

64. van Diest PJ, van der Groep P, van der Wall E: EGFR expression predicts BRCA1 status in patients 
with breast cancer. Clin Cancer Res 2006, 12(2):670; author reply 671.

65. Hoadley KA, Weigman VJ, Fan C, Sawyer LR, He X, Troester MA, Sartor CI, Rieger-House T, 
Bernard PS, Carey LA et al: EGFR associated expression profiles vary with breast tumor subtype. 
BMC Genomics 2007, 8:258.

66. Lopez-Knowles E, O’Toole SA, McNeil CM, Millar EK, Qiu MR, Crea P, Daly RJ, Musgrove 
EA, Sutherland RL: PI3K pathway activation in breast cancer is associated with the basal-like 
phenotype and cancer-specific mortality. Int J Cancer 2009.

67. Hoeflich KP, O’Brien C, Boyd Z, Cavet G, Guerrero S, Jung K, Januario T, Savage H, Punnoose E, 
Truong T et al: In vivo antitumor activity of MEK and phosphatidylinositol 3-kinase inhibitors in 
basal-like breast cancer models. Clin Cancer Res 2009, 15(14):4649-4664.

68. Zhu J, Blenis J, Yuan J: Activation of PI3K/Akt and MAPK pathways regulates Myc-mediated 
transcription by phosphorylating and promoting the degradation of Mad1. Proc Natl Acad Sci U S 
A 2008, 105(18):6584-6589.

69. Grushko TA, Dignam JJ, Das S, Blackwood AM, Perou CM, Ridderstrale KK, Anderson KN, 
Wei MJ, Adams AJ, Hagos FG et al: MYC is amplified in BRCA1-associated breast cancers. Clin 
Cancer Res 2004, 10(2):499-507.

70. Chan BT, Lee AV: Insulin receptor substrates (IRSs) and breast tumorigenesis. J Mammary Gland 
Biol Neoplasia 2008, 13(4):415-422.

71. Bendall SC, Stewart MH, Menendez P, George D, Vijayaragavan K, Werbowetski-Ogilvie T, 
Ramos-Mejia V, Rouleau A, Yang J, Bosse M et al: IGF and FGF cooperatively establish the 
regulatory stem cell niche of pluripotent human cells in vitro. Nature 2007, 448(7157):1015-1021.

72. Spruck CH, Won KA, Reed SI: Deregulated cyclin E induces chromosome instability. Nature 1999, 
401(6750):297-300.

73. Forget AL, Bennett BT, Knight KL: Xrcc3 is recruited to DNA double strand breaks early and 
independent of Rad51. J Cell Biochem 2004, 93(3):429-436.



100



101

Chapter 4

High incidence of protein-truncating TP53 
mutations in BRCA1-related breast cancer

Cancer Research, 2009: Vol. 69 No. 8: 3625-3633
Supplementary Data to this chapter can be downloaded from 

http://suppdataholstege.blogspot.com/ 



102



103

High incidence of protein-truncating TP53 
mutations in BRCA1-related breast cancer
Henne Holstege1, Simon A. Joosse2, Conny Th. M. van Oostrom3, Petra M. 
Nederlof4, Annemieke de Vries3, and Jos Jonkers1,5

1 Division of Molecular Biology, 2 Division of Experimental Therapy, 4Department of Pathology, The 
Netherlands Cancer Institute, Plesmanlaan 121, 1066 CX Amsterdam, The Netherlands. 3 National 
Institute for Public Health and the Environment, Laboratory for Health Protection Research, Bilthoven, 
The Netherlands. 5 To whom correspondence should be addressed: e-mail: j.jonkers@nki.nl

Abstract
Approximately half of all hereditary breast cancers are compromised in their 
DNA repair mechanisms due to loss of BRCA1 or BRCA2 function. Previous 
research has found a strong correlation between BRCA mutation and TP53 
mutation. However, TP53 mutation status is often indirectly assessed by 
immunohistochemical staining of accumulated p53 protein. We sequenced TP53 
exons 2 to 9 in 21 BRCA1-related breast cancers and 37 sporadic breast tumors. 
Strikingly, all BRCA1-related breast tumors contained TP53 mutations, whereas 
only half of these tumors stained positive for p53 accumulation. Positive p53 
staining correlates with the presence of TP53 hotspot mutations in both BRCA1-
related and sporadic breast tumors. However, whereas the majority of sporadic 
breast tumors that stained negative for p53 accumulation had wild-type TP53, 
the majority of BRCA1-associated breast tumors that stained negative for p53 
accumulation had protein-truncating TP53 mutations (nonsense, frameshift, 
and splice mutations). Therefore, the strong selection for p53 loss in BRCA1-
related tumors is achieved by an increase of protein-truncating TP53 mutations 
rather than hotspot mutations. Hence, immunohistochemical detection of TP53 
mutation could lead to misdiagnosis in approximately half of all BRCA1-related 
tumors. The presence of deleterious TP53 mutations in most, if not all, BRCA1-
related breast cancers suggests that p53 loss of function is essential for BRCA1-
associated tumorigenesis. BRCA1-related tumors may therefore be treated not 
only with drugs that target BRCA1 deficiency (e.g., poly(ADP-ribose) polymerase 
inhibitors) but also with drugs that selectively target p53-deficient cells. This 
raises interesting possibilities for combination therapies against BRCA1-
deficient breast cancers and BRCA1-like tumors with homologous recombination 
deficiency. (Cancer Res 2009;69(8):OF1–9)
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Introduction

Currently, 1 in 8 women in Western countries is estimated to develop breast cancer 
in her lifetime, which makes it the most common cancer in these women (1). 
Approximately 5-10% of all breast cancers are hereditary, and 30%-80% of these 
are related to BRCA1 or BRCA2 loss (2). BRCA1- or BRCA2-deficient cells 
display genomic instability due to defective double strand break (DSB) repair (3). 
A defective cell-cycle checkpoint is necessary to facilitate propagation of cells with 
genomic damage mutation (4). As ‘guardian of the genome’ (5), p53 (also known as 
Transformation Related Protein or Tumor Protein 53, TP53) is a key factor in the 
cellular response to DNA damage, and p53 loss may, therefore, be a prerequisite for 
development of BRCA1 and BRCA2-associated breast tumors (6). Indeed, mouse 
studies have shown that Brca1-/- and Brca2-/- mice are embryonic lethal due to growth 
arrest associated with p53 dependent up-regulation of p21Waf1 and that concomitant 
Trp53 knock-out in Brca1-/- and Brca2-/- mice partially rescues the embryonic 
lethality to a later developmental stage (7-9). Also, development of mouse mammary 
tumors in conditional Brca1 and Brca2 knock-out mice was greatly accelerated in 
a (conditional) Trp53 knockout background (10-13). Summarizing, there is ample 
evidence that homozygous BRCA loss induces cellular lethality by activating a p53 
dependent checkpoint in mouse embryos or in mammary epithelial cells and that 
impairment of this checkpoint by p53 loss alleviates the cell-lethal effects of BRCA 
loss.
Previous studies found that breast tumors from human BRCA-mutation carriers 
have an increased frequency of TP53 mutations with distinct properties compared 
to those found in tumors from non-BRCA1/2 carriers (14-17). However, TP53 
mutation is usually scored indirectly by immunohistochemical detection of p53IHC+ 
cells with accumulation of dominant-negative mutant p53 protein (18-20). Cells 
that stain negative for p53 (p53IHC-) have either wild type p53 or TP53 mutations 
that do not give rise to accumulation of mutant p53 (21). Consequently, p53-
immunohistochemistry only detects a fraction of TP53 mutations (22-25). Indeed, 
tumors with no p53 expression have been shown to have a higher frequency of 
protein-truncating TP53 mutations compared to tumors with p53 expression (37% 
compared to 7.5%) (26). Several studies have analyzed TP53 mutations and p53 
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immunohistochemistry status in BRCA1 tumors (17, 27-29), however tumor numbers 
were small and different methods were used for scoring for immunohistochemical 
positivity and for TP53 mutation detection. Moreover, they did not investigate 
whether p53 immunohistochemistry- and mutation status are differentially 
distributed in BRCA1-related breast tumors compared to sporadic breast tumors. 
To investigate the frequency of TP53 mutation in BRCA1-related tumors and 
sporadic breast cancers and to assess the correlation of TP53 mutation frequency 
with p53-immunohistochemistry status we sequenced the TP53 exons 2-9 in 21 
BRCA1-related breast cancers and 37 sporadic breast tumors and correlated TP53 
mutation properties with p53IHC+ or p53IHC- status. Our results show that most, if 
not all BRCA1-related breast tumors harbor deleterious TP53 mutations suggesting 
that p53 inactivation is a prerequisite for the development of BRCA1-related breast 
tumors. About half of all BRCA1 tumors have mutations leading to accumulated 
p53 protein, which can be detected with immunohistochemistry. The other half of 
the BRCA1 tumors has a protein-truncating TP53 mutation, which does not result 
in accumulated p53 protein. Hence, indirect detection of TP53 mutation status by 
immunohistochemistry could result in misdiagnosis of half of all BRCA1-related 
breast tumors.

Materials and Methods

Breast tumors
We used DNA isolated from archival material from 22 verified pathogenic BRCA1 
germline mutation carriers and 39 patients with sporadic breast cancer without 
family breast cancer history. Clinical data, tumor characteristics and DNA isolation 
methods were described previously (30).

p53 immunohistochemistry and sequencing
p53 immunohistochemistry (p53IHC) status was determined by staining formalin-
fixed, paraffin-embedded (FFPE) tumor tissues (30) with mouse-anti-human p53 
monoclonal antibody (Dako M 7001, clone DO-7 Glostrup Denmark) that recognizes 
the N-terminus (aa19-21) of p53 (31). If more than 50% of the cells stained positive, 
the tumor was designated p53IHC+ otherwise, p53IHC-. Direct sequencing for exons 2-9 
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of the TP53 gene was performed on the tumor DNA of each tumor. Each exon was 
amplified individually using 25 ng of genomic DNA, followed by re-amplification 
using at least one nested primer (HotStarTaq Master Mix Kit, QIAGEN). ~5 ng 
of purified PCR product (QIAquick PCR purification kit, QIAGEN) was directly 
sequenced using the BigDye Terminator Reaction kit, version 3.1 and an ABI 3730 
DNA sequencer (Applied Biosystems, Foster City, CA). Sequence data was analyzed 
with SEQUENCHERTM software, version 4.5 (Gene Codes Corp., Ann Arbor, MI). 
For primer sequences, see Supplementary Table 6 online. We were able to obtain 
sequence data from 21 BRCA1 and 37 sporadic tumors.

TP53 mutation analysis
To discriminate between homozygous and heterozygous TP53 mutations present 
in the tumor DNA, the abundance of the aberrant base was estimated from the 

Table 1. p53 mutations found in BRCA1-related breast tumors

Tumor sample Deleterious mutations Neutral missense mutations Silent mutations % p53IHC

B107 G266E (100%) D41N (10%), D42N (10%),

P82S (10%)

0

B109 R213X (100%), H214Y (100%),

T118I (20%)

P92S (100%) Y103Y (20%) 0

B122 239 insT (50%), P177L (15%) A161A (25%) 0

B137 224 splice G>A (80%),

H214Y (15%)

C135C (20%) 0

B141 P309L (50%), P92S (30%) 1

B145 110 delC (100%), Q100X (100%) P87L (100%) 0

B146 145 delG (100%), Q104X (80%),

P98S (70%), P190S(20%)

A76V (70%), C229Y (25%) A84A (80%), S46S(40%),

S9S(15%)

0

B150 V216M (50%), P223S (50%),

R290C (50%)

P222L (50%) L289L (35%) 0

B160 167 insA (50%) V217M* (50%) L206L (50%), V218V (50%),

P36P* (10%), S314S(20%)

0

B164 258 delG (50%) 0

B171 R306X (80%) 0

B116 Y163C (100%) P92P (25%) 100

B126 del 255 (50%) 100

B127 T55I (100%) D21D (20%), G302G (15%),

K101K (15%)

100

B135 T304I (35%) L308L (25%) 100

B149 R273H (100%) 100

B152 R175H (30%) 100

B153 del 155-156 (90%) H297Y (50%) R213R* (100%) 100

B156 R248W (50%), R280K (90%),

V218I** (100%)

R209K (100%) E171E (100%) 100

B158 R282G (75%), E326K (40%),

S315F (20%)

P322L (40%), P316S(20%),

T329I (20%), P309L (15%)

70

B161 R213X (50%), P151R (50%),

R282W (30%)

V272V (25%) 100

NOTE: p53 sequence was compared with a consensus sequence as given by the IARC TP53 database. Mutations are classified by their (predicted) effect
on p53 function. Deleterious p53 mutations include truncating mutations (red), in-frame deletions (green), and common hotspot p53 mutations
according to Walker and colleagues (blue). Other missense mutations are classified by the effect predicted by the SIFT algorithm to be deleterious or
neutral (black). Codons H214, P177, H214, and V216 were also identified as hotspots by Walker and colleagues, but these did not occur as frequently as
the common hotspots. All mutations are shown in bold print, except when the abundance of the aberrant base within the p53 mutation was estimated
<25%. These mutations were not taken along in data set comparisons.
*Known SNP.
**V218I: valine (GTG) > isoleucine (ATA): two homozygous mutations in one codon. p53IHC: percentage of tumor cells that stain positive with
immunohistochemistry.
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sequence chromatogram from both the forward and reverse sequencing runs. 
When comparing mutations types found in the tumor groups, we minimized the 
influence of tumor heterogeneity by only including TP53 mutations that had an 
estimated abundance of more than 25% in the tumor DNA (shown in bold print 
in Table 1 and Table 2). For all TP53 mutations, we looked up several properties 
in the IARC TP53 database Release 12 2 (32) (Supplementary Table 2), and used 
this data for our comparative analyses. The TP53 mutations were divided into three 
categories: deleterious mutations, neutral missense mutations and silent mutations. 

2 http://ww-p53.iarc.fr

Table 2. p53 mutations found in sporadic breast tumors

Tumor sample Deleterious mutations Neutral missense mutations Silent mutations % p53IHC

C001 A63V (35%), P60L (10%) P151P (25%) 0

C002 R248W (80%), R110C (40%),

T55I (40%)

T81I (40%), S149F (40%) P151P (25%) 0

C006 R283H (40%), A119T (40%),

G279E (45%), P223S (35%), S6L (15%)

E56K (30%), G187S (100%),

P222S (10%)

S303S(30%) 0

C017 K305X (50%), L194F (20%) A189A (25%) 0

C018 184 insA (50%) 0

C023 20

C025 P177L (50%) P36S (50%), P89S (50%),

P92S (50%), G59D (10%)

F113F (50%), G302G (25%),

P151P (70%)

0

C028 C277Y (20%) P222S (100%), A70V (15%),

84T (10%), P80L (10%)

A129A (100%), A276A (20%) 0

C029 E68D (25%), P64L (25%),

S46F (75%)

T230T (15%) 5

C030 A276V (15%) 0

C032 D207N (25%) D184N (40%) 1

C034 P222L (25%), S269N (50%) 1

C035 V217M* (100%), P64S (10%) 0

C036 1

C042 P190L (30%), Q167X (20%) P153P (40%) 1

C044 1

C051 1

C052 G187S (40%), M133I (60%) 0

C057 P98L (60%) G293R (50%), F54L (20%) P36P* (80%), A74A (40%),

D57D (40%), P12P (15%)

0

C004 R273H (40%), S121F (100%) E287K (40%) A119A (100%), V272V (15%) 100

C015 R248L (20%) P47L (20%), P75S (20%),

S96F (20%)

D57D (15%), L45L (15%) 50

C020 100

C031 R175H (40%), R282W (35%) P318L (15%) 100

C033 C242Y (50%), R196Q (30%) R209K (30%), P12L (20%),

P77L (5%)

P89P (100%) 100

C046 Y220C (60%) R213R* (100%) 100

C047 del 155-156 (100%) P82S (100%) G279G (100%) 100

C048 G245S (40%), 306 splice G>A (20%) 100

C049 C242F (80%) 100

C053 A74T (15%), P64S (5%) 100

C056 R248W (45%) 100

C058 R273C (100%), P98L (5%), V147I (10%) 100

C060 H179R (100%), T125M (50%) 50

C061 R248L (45%) M66I (40%), E51K (15%) P36P* (30%) 100

C063 100

C065 Y163C (55%) 100

C068 H193Y (45%) 100

C069 del 232 (50%) P36P* (80%) 90

NOTE: p53 sequence was compared with a consensus sequence as given by the IARC TP53 database. Mutations are classified by their (predicted)
effect on p53 function. Deleterious p53 mutations include truncating mutations (red), in-frame deletions (green), and common hotspot p53 mutations
according to Walker and colleagues (blue). Codons R110, L194, P177, C277, and A276 were also identified as hotspots by Walker and colleagues,
but these did not occur as frequently as the common hotspots. Other missense mutations are classified by the effect predicted by the SIFT algorithm 
to be deleterious or neutral (black). All mutations are shown in bold print, except when the abundance of the aberrant base within the p53 mutation was
estimated <25%. These mutations were not taken along in data set comparisons.*Known SNP. p53IHC: percentage of tumor cells that stain positive with
immunohistochemistry.
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Deleterious mutations render a nonfunctional or nontranscribed p53 protein and 
can be frameshift-, nonsense-, splice-, inframe- and deleterious missense mutations. 
Frameshift, nonsense, and splice mutations are protein-truncating mutations that 
lead to premature translational stops and frequently to non-sense mediated mRNA 
decay (NMD) (33). The effect of in-frame insertions or deletions is not always known, 
but they can alter p53 function when they occur in crucial domains of the protein. 
All missense mutations found were classified according to their predicted impact 
on p53 function as determined by the SIFT algorithm3 (Sorting Intolerant From 
Tolerant) (34) in Table 1 and Table 2. Since no matched normal/germline DNA 
was available, some benign germline variants may have been identified as deleterious 
somatic mutations by SIFT. 
Neutral missense mutations are point mutations that cause an amino acid change that 
is predicted to have no or low impact on p53 function. Silent TP53 mutations are 
point mutations that do not lead to an amino acid change, and therefore presumably 
do not alter p53 functionality. However, p53 missense mutations often render 
a dominant-negative p53 protein species that attenuate the function of wild type 
p53 protein encoded by the non-mutated allele, thereby abrogating complete p53 
function. These mutants can be contact mutants with disrupted p53-DNA binding, 
or conformational mutants that disrupt the secondary structure of p53, and thus 
affect p53 oligomerization. These missense TP53 mutations are predicted to have a 
deleterious effect on p53 function and some of these are frequently found in multiple 
tumor types and are hence referred to as TP53 hotspot mutations. Walker et al. (35) 
identified 73 significant hotspot mutations in TP53, 29 of these mutations were most 
common (p<0.001) and we refer to these mutations as “common hotpot mutations”, 
K132, C135, P151, V157, R158, Y163, V173, R175, C176, H179, H193, Y205, 
Y220, Y234, M237, C238, S241, C242, G245, M246, R248, R249, G266, R273, 
P278, R280, D281, R282 and E285. 
The three groups of deleterious TP53 mutations (protein-truncating mutations, in-
frame deletions or insertions, and deleterious missense mutations) are shown in red, 
green and blue respectively in Tables 1 and 2.

3 http://sift.jcvi.org/
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Results

TP53 mutations in BRCA1-associated and sporadic breast tumors
We analyzed TP53 mutation status in a previously published cohort of 22 tumors 
from confirmed pathogenic BRCA1 germ-line mutation carriers (30). For BRCA1-
mutations, see Supplementary Table 1. Positive p53 immunohistochemical staining 
(p53IHC+) was observed in 50% (11/22) of the BRCA1-associated breast cancers. All 
p53IHC- tumors had a staining percentage of ≤ 1%, except one sporadic tumor, which 
had a staining percentage of 20%. All p53IHC+ tumors had a staining percentage of ≥ 
50%. To compare TP53 mutations found in p53IHC+ and p53IHC- cases of BRCA1-
related and sporadic breast cancers, we selected a group of 39 age-matched, sporadic 

Table 3. Comparison of p53 mutations found in BRCA1-related and sporadic breast tumors

A. Comparison of p53 mutations found in BRCA1-related and sporadic breast tumors

BRCA1 (n = 21) Sporadic (n = 37) BRCA1 vs sporadic

% n % n P*

Total mutations 51 67

Mutation type

Deleterious missense

Hotspot (common hotspot) † 21.6% (17.6%) 11 (9) 25.4% (20.9%) 17 (14)
Non-hotspot 11.8% 6 14.9% 10
Nonsense 9.8% 5 1.5% 1
Splice 2.0% 1 0.0% 0

Neutral

Missense-neutral 21.6% 11 32.8% 22
Silent 19.6% 10 20.9% 14

Deleterious insertions/deletions

Frameshift (leading to truncation) 9.8% 5 1.5% 1
In-frame insertion/deletion 3.9% 2 3.0% 2

Mutation effect

Deleterious missense/in-frame 37.3% 19 43.3% 29 1.0000
Truncating mutations ‡ 21.6% 11 3.0% 2 0.0061
Neutral mutations 41.2% 21 53.7% 36 0.5908

B. Logistic regression analysis

Truncating mutations § Common hotspot ||

OR P OR P

p53IHC+status(controlled for BRCA1 status ¶) 0.0369** 0.0067 25.2 0.0001
BRCA1 status (controlled for p53IHCstatus) 24.5 0.0012 0.9187 0.9067

NOTE: A. For this comparative analysis, only mutations with an abundance of ≥25% were used. B. Logistic regression analysis: prediction of the
influence of p53IHC status and BRCA1 status on the presence of p53 truncation or hotspot mutations in the tumor DNA. Independent multivariate
analysis 1: prediction of the influence of p53IHC status on the outcome of truncating mutations or hotspot mutations, controlling for the influence of
BRCA1 status. Independent multivariate analysis 2: vice versa: prediction of the influence of BRCA1 status on the outcome of truncating mutations 
or hotspot mutations, controlling for the influence of p53IHC status.
* P values were calculated using Bonferroni-corrected Fisher’s exact test, and P values of <0.01 are printed in bold print.
† Mutations that occur at p53 hotspot codons were predicted deleterious by the SIFT algorithm.
‡ Truncating mutations are frameshift, splice, and nonsense mutations.
§ Truncating mutations are frameshift, splice, and nonsense mutations.
|| Common hotspot mutations occur significantly more often (P < 0.001) than other mutations (see Materials and Methods).
¶ p53IHC status of tumors in the sporadic tumor group matched that of the BRCA1 tumor group.
**p53IHC+ tumors have an OR of 0.0369 to have a truncating mutation; therefore, p53IHC- tumors have an OR of 27.1 (=1/0.0369) to have a
truncating mutation
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tumors with a similar proportion (48.7%, 19/39) of p53IHC+ tumors as the BRCA1-
related tumor group. We performed direct sequencing of TP53 exons 2-9 on genomic 
DNA from 22 BRCA1 tumors and 39 sporadic tumors. We were able to obtain 
sequence data from 21 BRCA1 tumors (Table 1) and 37 sporadic tumors (Table 2). 
For 58 tumors, all 8 exons were sequenced twice (forward and reverse) except exon 
3 in 24 cases. Using the TP53 mutation data summarized in Table 1 and Table 2, we 
analyzed whether there were any properties that could distinguish TP53 mutations 
found in p53IHC+ or p53IHC- BRCA1-related breast tumors and sporadic breast 
cancers. The comparisons are shown in Table 3.

Figure 1. TP53 mutation type and frequency in sporadic and BRCA1-related breast tumors. A. The 
penetrance of TP53 mutations in BRCA1-related compared to sporadic breast tumors. P-values were 
determined by a Bonferroni corrected Fisher’s exact test. B. The distribution of TP53 mutation types 
found in BRCA1-related and sporadic tumors. C. Left: Percentage of tumors with no, one, or more than 
one TP53 mutations in p53IHC+ and p53IHC- BRCA1-related breast tumors compared with p53IHC+ and 
p53IHC- sporadic breast tumors. Right: Percentage of tumors with no, one, or more than one (predicted) 
deleterious TP53 mutations in p53IHC+ and p53IHC- BRCA1-related breast tumors compared with 
p53IHC+ and p53IHC- sporadic breast tumors. D. The distribution of common hotspot, protein-truncating 
and deleterious missense TP53 mutations in p53-immunohistochemical positive and negative BRCA1-
related and sporadic tumors. *Sporadic tumors have been selected to match the proportion of p53IHC+ 
cases in the BRCA1-related tumor group.

creo
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Frequencies of TP53 mutation types
We found 51 TP53 mutations in the 21 BRCA1 tumors, and 67 TP53 mutations in 
37 sporadic tumors, excluding SNPs and mutations with an abundance of less than 
25%, as estimated from the sequence chromatogram. In many tumors, multiple co-
occurring TP53 mutations were found, and these were categorized according to their 
predicted effect on p53 function (see Materials and Methods). 
When regarding all p53IHC+ and p53IHC- tumors as one group, we found significantly 

Figure 2. TP53 mutations in sporadic and BRCA1-mutated breast tumors. TP53 gene sequencing 
of exons 2-9 in 10 p53IHC+ and 11 p53IHC- BRCA1-mutated tumors and 18 p53IHC+ and 19 p53IHC- 
sporadic breast tumors. The TP53 exons and domains are shown on top, and the corresponding codon 
numbers on the bottom of the figure. The different tumor groups in which TP53 was sequenced are 
shown on the left. Those mutations that (are predicted to) render TP53 nonfunctional are depicted by 
colored triangles: nonsense mutations (red), frame shift mutations (purple), splice mutations (yellow), in 
frame insertions/deletions (green, the severity of the effect of these mutations is unknown), deleterious 
missense mutations (light blue) including common hotspot mutations (dark blue). Only missense TP53 
mutations predicted to be deleterious by the SIFT algorithm are depicted here. Mutations that were 
less abundant than 25% in the sequence chromatogram were not depicted (see Table 1). Pro-Rich: 
Proline Rich domain, NLS: Nuclear Localization Signal, Oligomer: Oligomerization domain, C-term: 
C-terminal domain.

creo
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more TP53 mutations in BRCA1-related tumors (100%; 21/21) compared with 
sporadic tumors, (73%; 27/37, p=0.009 Fisher’s exact test, Supplementary Table 3). All 
TP53 mutations were looked up in the IARC TP53 database (32) and those predicted 
to impair p53 function by the SIFT algorithm (34) were defined as “deleterious”. We 
found that significantly more BRCA1-related tumors (90.5%; 19/21) had deleterious 
TP53 mutations compared with sporadic tumors (59.5%; 22/37, p=0.016 Fisher’s 
exact test) (Figure 1A, Supplementary Table 3). Next, we analyzed whether BRCA1-
associated tumors had different types of TP53 mutations compared with sporadic 
tumors (Figure 1B, Table 3A). Most types of TP53 mutations occurred in very similar 
proportions in BRCA1 tumors or sporadic tumors; however, we found a significantly 
larger proportion of protein-truncating frameshift, nonsense and splice mutations in 
the BRCA1 tumor group (21.6%; 11/51) compared with the sporadic tumor group 
(3.0%; 2/67, P=0.0061, Table 3A). Hence, within our tumor groups, BRCA1 tumors 
have a more than 7-fold increase in protein-truncating TP53 mutations.

Correlation of TP53 mutation types with p53-immunochistochemistry
To investigate the correlation between p53-immunohistochemistry and distinct TP53 
mutations, we compared types of TP53 mutations in p53IHC+ and p53IHC- BRCA1-
associated and sporadic breast tumors. All BRCA1 tumors had one or more TP53 
mutation(s) and the total number of tumors with one or more TP53 mutation(s) 
is very similar in the p53IHC+ and p53IHC- BRCA1-associated tumor group (Figure 
1C, left, Supplementary Table 3). Both p53IHC+ and p53IHC- sporadic tumor groups 
included cases with wild type TP53, and the p53IHC+ group had a greater percentage 
of tumors with only one TP53 mutation (44.4%) compared with the p53IHC- sporadic 
tumors (5.3%).
Overall, the mean number of deleterious TP53 mutations was higher in the 
BRCA1-related breast tumors (1.43 mutations per tumor) compared to the sporadic 
tumors (0.84 mutations per tumor) (Figure 1C, right, Supplementary Table 3). This 
could be a reflection of the high selection pressure for loss of p53 activity in these 
homologous recombination deficient (HRD) tumors. This selection pressure seems 
to be identical for all BRCA1-related tumors, as there was no difference in the 
amount of deleterious mutations per tumor between the p53IHC+ and the p53IHC- 
BRCA1-related tumors. In contrast, sporadic p53IHC+ tumors had more deleterious 
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 4TP53 mutations (1 mutation per tumor) than p53IHC- tumors (0.68 mutations per 
tumor) (Supplementary Table 3).
Interestingly, the difference in numbers of TP53 mutations found in p53IHC- BRCA1-
related and sporadic tumors was due to an increase in protein-truncating nonsense, 
frameshift and splice mutations (Figure 1D, Figure 2, Supplementary Table 3). 
Of the p53IHC- BRCA1 tumors, 72.7% (8/11) had protein-truncating mutations 
compared to 10.5% (2/19) of the p53IHC- sporadic tumors. Furthermore, 60% (6/10) 
of p53IHC+ BRCA1 tumors and 66.7% (12/18) of p53IHC+ sporadic tumors had 
common hotspot mutations compared with 9.1% (1/11) and 5.3% (1/19) of p53IHC- 
BRCA1 and p53IHC- sporadic tumors respectively (Supplementary Table 3). Indeed, 
logistic regression analysis (Table 3B) showed that p53IHC- tumors are significantly 
more likely to have protein-truncating TP53 mutations than p53IHC+ tumors, 
regardless of their BRCA1 status (O.R =27.1, p=0.0067). Similarly, BRCA1-related 
breast tumors were also significantly more likely to have a protein-truncating TP53 
mutation compared to sporadic tumors (OR=24.5, p=0.0012). Therefore, p53IHC- and 
BRCA1 status are independent tumor characteristics that correlate positively with 
the likelihood of having a protein-truncating TP53 mutation. Conversely, p53IHC+ 
tumors were significantly more likely to have a common TP53 hotspot mutation 
compared with p53IHC- tumors (O.R. = 25.2, p=0.0001), independent of BRCA1 
status. In sum, BRCA1 tumors have significantly more mutations than sporadic 
tumors and this difference is found specifically in the p53IHC- tumor groups, where 
72.7% (8/11) of the p53IHC- BRCA1 tumors had protein-truncating TP53 mutations 
compared to only 10.5% (2/19) of the p53IHC-sporadic tumors. The distribution of 
the TP53 mutations over the TP53 coding region shown in Figure 2, with most 
mutations mapping to the DNA binding domain.

Properties of BRCA1-related TP53 mutations
It has been reported previously that TP53 mutations in BRCA-related breast tumors 
have specific properties when compared to TP53 mutations in sporadic breast tumors 
(14-17). Previous authors have suggested TP53 mutations in BRCA1-associated 
tumors comprise fewer recurrent hotspot mutations and more non-hotspot missense 
mutations than sporadic tumors. Moreover, these rarely recurring non-hotspot 
mutations localized to p53 protein regions not normally mutated in sporadic tumors. 
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At the base pair level, BRCA-specific TP53 mutations had a prevalence of A:T base 
pair changes. To verify these observations, we analyzed these properties of the TP53 
mutations found in our BRCA1 and sporadic tumor groups. In contrast to earlier 
findings, we found that all these properties of TP53 mutations occurred with similar 
frequencies in the BRCA1-related and sporadic breast tumors (Figure 3; for details 
of the analysis, see Supplementary Results and Supplementary Tables 3 and 4 online). 
Hence, our data do not support the notion of previous reports on the specificity of 
TP53 mutations in BRCA-related breast tumors.

Discussion

The rapid induction of p53-mediated cell cycle arrest by DNA DSB damage implies 
a strong requirement for TP53 mutation in BRCA1-related tumors with defective 
DSB repair. Previous studies have found that 60-77% of BRCA1 tumors stain positive 
for p53 (17, 27, 29, 36), Studies that also sequenced the TP53 gene found that 30-
68% of BRCA1-related tumors have TP53 mutations at the DNA level (17, 27, 
29). However, the correlation between p53-immunohistochemistry status and TP53 
mutation status in BRCA1-related breast cancers has never been investigated.
In this study, we sequenced TP53 exons 2-9 in 21 BRCA1-related breast tumors 
and in 37 sporadic breast cancers, and compared the properties of TP53 mutations 
between these two tumor groups. We find that TP53 mutations occur in all BRCA1-
related breast tumors, suggesting a general requirement of p53 loss in these tumors. 
Since TP53 mutation status is often scored by p53 immunohistochemistry, we also 
investigated the correlation of TP53 mutations status with p53-immunohistochemistry 
data in BRCA1-related and sporadic tumors. 
Half of the BRCA1-related tumors consisted of tumors that stained positive 
for mutant p53 protein (p53IHC+), and we compared these tumors with p53IHC+ 
sporadic tumors. The remaining p53IHC- BRCA1-related tumors were compared to 
p53IHC- sporadic tumors. Independent of BRCA1 status, p53IHC+ status correlated 
significantly with the presence of common hotspot mutations, which are the most 
common TP53 mutations found in all tumors. Conversely, p53IHC- status correlated 
significantly with protein-truncating p53 mutations. Strikingly, BRCA1 status also 
correlated significantly with p53-truncation status. Indeed, the increased frequency 
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of deleterious p53 mutations in BRCA1-related tumors is caused by an increase in 
protein-truncating (i.e. nonsense, frameshift and splice) TP53 mutations in p53IHC- 
BRCA1 tumors compared to sporadic tumors (42.9% vs. 5.4%), rather than by an 
increase in TP53 hotspot mutations. Consequently, scoring for p53 mutations in 
BRCA1-related breast tumors by immunohistochemistry could lead to misdiagnosis 
in approximately half of all BRCA1-related tumors.
The selective increase in protein-truncating TP53 mutations in BRCA1-related 
breast cancers suggests that non-dominant-negative TP53 mutations may be 
more effectively homozygozed during BRCA1-associated tumorigenesis than 
during sporadic tumor formation. This could be due to several reasons: i. Genomic 
instability induced by BRCA1 loss might facilitate mutation of the remaining wild-
type TP53 allele in BRCA1-deficient cells with a heterozygous protein-truncating 
TP53 mutation. (ii) Alternatively, since BRCA1 is also involved in the G2-M and 
spindle assembly checkpoints (37), LOH at the TP53 locus might occur more 
efficiently in BRCA1-deficient cells. (iii) Since TP53 and BRCA1 are both located 

Figure 3. TP53 mutation properties in BRCA1-related and sporadic breast tumors. Several TP53 
mutation properties, which were previously reported to be BRCA-specific (15, 16, 18, 19), occurred with 
similar frequency in our series of BRCA1-related and sporadic breast tumors. A. Missense mutations: 
For each tumor group, missense mutations were subdivided in hotspot mutations (orange), non-hotspot 
mutations predicted to be deleterious by the SIFT algorithm used by the IARC TP53 database (35) 
(blue), and non-hotspot mutations predicted to be neutral (gray). Hotspot TP53 mutations were those 
according to Walker et al., 1999 (38). B. Rarity in breast cancer: All mutations were subdivided into 
mutations previously reported in breast cancer (orange), and those new to breast cancer (blue), as reported 
in the IARC TP53 database (35). C. Rarity in cancer in general: All mutations were subdivided into 
mutations previously reported in cancer (orange) and those new to cancer in general (blue) as reported 
in the IARC TP53 database (35). D. Domain function: Indicated are the fraction of TP53 mutations 
found in SH3/Pro Rich domain (orange), the DNA Binding domain (blue) or other domains (gray). 
E. Basepair changes: Indicated are basepair changes within the TP53 coding region, occurring at A:T 
sites (orange) or at G:C sites (blue) of the coding strand. Other mutations types (gray) include basepair 
deletions and insertions.
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on chromosome 17, simultaneous LOH at TP53 and BRCA1 via missegregation of 
chromosome 17 might take place in case protein-truncating TP53 mutations occur 
in cis with the BRCA1 germline mutation. 
Previous studies have not shown an increased frequency of protein-truncating TP53 
mutations in p53IHC- BRCA1-related tumors. This could be due to the lower proportion 
of p53IHC- tumors or the lower number of protein-truncating TP53 mutations found 
in these studies. First, some studies did not include p53IHC data (28), and others 
used different methods to determine p53IHC+ staining: a quick score method (17) or 
a cutoff of 10% positive staining cells (27, 29). We used a more stringent cutoff of 
50% positive staining cells. Second, all previous studies have used pre-screening of 
TP53 amplicons by single strand conformation polymorphism (SSCP) analysis and/
or direct sequencing of only selected TP53 exons. This could result in recovery of 
lower numbers of TP53 mutations, including protein-truncating mutations. Crook 
et al (17) sequenced 12 independent plasmid clones for each exon for each tumor 
and identified only one protein-truncating TP53 mutation in a panel of 70 BRCA1, 
BRCA2 and sporadic tumors. Armes et al (27) detected mutations in TP53 exons 
5–10 by direct sequencing, SSCP or sub-cloning. Mutations that were detected at 
least twice from different PCR reactions were designated TP53 mutation-positive. 
Armes et al found only seven TP53 mutations in 40 BRCA1, BRCA2 and sporadic 
tumors of which one was a TP53 frameshift mutation. Using direct sequencing of 
TP53 exons 5-9, Foulkes et al (29) found 8 TP53 mutations in 13 BRCA1 tumors, 
one of which was a frameshift mutation. Phillips et al (28) analyzed TP53 exons 
4-10 in 46 breast tumors by SSCP, and sequenced only those fragments that showed 
aberrant migration patterns. This way they found 20 TP53 mutations, of which 13 
were protein-truncating. 
The above-mentioned studies find very different proportions of (protein-truncating) 
TP53 mutations, suggesting that the TP53 mutation detection methods used in 
these studies give rise to an incomplete TP53 mutation spectrum. Misdetection 
of TP53 mutations may be minimized by direct sequencing of most – ideally all – 
protein coding TP53 exons from PCR amplified tumor DNA without pre-screening 
of TP53 amplicons by SSCP. This strategy may also minimize possible bias for or 
against protein-truncating TP53 mutations and permit detection of multiple TP53 
mutations within each tumor.
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 4TP53 mutation is strongly associated with high grade, hormone receptor negative, 
basal like breast tumors and with increased global genomic instability (38-42) which is 
a fitting description of BRCA1-related breast tumors (27, 43). Furthermore, protein-
truncating TP53 mutations have been found to have a prognostic value similar to 
TP53 hotspot mutations (44) and they have recently been linked to poor prognosis 
in breast cancer (44) and squamous head and neck cancer patients (45). 
The strong requirement for TP53 mutation in BRCA1-related breast tumors could be 
an explanation for their high tumor grade and high proliferation. This high frequency 
of p53 mutations might not be limited to BRCA1-related breast tumors, but might 
be characteristic for other types of HRD tumors. The intimate link between BRCA1 
mutation and TP53 mutation suggests that BRCA1-related and BRCA1-like tumors 
might be most effectively treated with combinations of HRD targeting therapeutics 
(such as DNA damaging drugs or PARP inhibitors (46) and therapeutics that target 
p53 deficiency, such as Chek1 inhibitors (47). Conversely, HRD may occur more 
frequently in p53 deficient tumors, therefore, HRD-targeting drugs might be more 
active against p53-deficient tumors compared with p53 wild type tumors. In line 
with this, p53-mutated breast tumors showed increased sensitivity to high-dose 
chemotherapy or dose-dense epirubicin-cyclophosphamide (48-50).
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Abstract 
Triple-negative breast cancers (TNBCs) lack expression of hormone receptors 
and HER2. TNBCs are aggressive breast cancers for which, so far, no druggable 
target has been identified. On the basis of their gene expression profiles, they can 
be subdivided in non-basal and basal-like breast cancers (BLBC). Phenotypic 
features such as clinical presentation and early age of onset of BLBC are similar to 
breast tumors from BRCA1-mutation carriers which are associated with genomic 
instability due to homologous recombination deficiency. Recent data have shown 
that this defect can be effectively targeted with DNA-damaging agents and poly-
(ADP-ribose) polymerase 1 (PARP1) inhibitors. We set out to identify shared 
molecular characteristics of BLBC and BRCA1-mutated tumors, hoping that 
this will provide predictive markers for response of BLBCs to DNA-damaging 
agents and PARP inhibitors. Molecular features characteristic for BRCA1-
mutated breast tumors are 1) increased numbers of genomic aberrations, 2) a 
distinct pattern of genomic aberrations, 3) a high frequency of TP53 mutations 
and 4) a high incidence of complex, protein-truncating TP53 mutations. We find 
that these molecular features of BRCA1-mutated tumors also apply to BLBCs. 
This suggests that – besides phenotypic similarities – also molecular features are 
shared between non-hereditary BLBCs and hereditary BRCA1-mutated breast 
tumors. Since the selective increase in complex TP53 mutations in BRCA1-
mutated tumors may be a direct consequence of genomic instability caused by 
BRCA1 loss, the presence of these types of TP53 mutations in sporadic BLBCs 
might be a hallmark of BRCAness and a potential biomarker for sensitivity to 
PARP inhibition.
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Introduction

Lobules and ducts within the normal human breast are lined with a double layer of 
epithelial cells: an inner layer of luminal cells and an outer layer of basal/myoepithelial 
cells that are in direct contact with the basement membrane. Transformation of 
different mammary epithelial cells results in considerable heterogeneity in breast 
cancer subtypes, giving rise to differences in clinical presentation, histology and 
response to therapy (1). Gene expression profiling has identified five molecular breast 
tumor subtypes: luminal A, luminal B, normal breast-like, human epidermal growth 
factor 2 (HER2/ERBB2) positive, and basal-like (2, 3). In the clinic however, only 
immunohistochemistry data for estrogen receptor (ER), progesterone receptor (PR) 
and HER2 status are used to guide treatment choice (4). 
Approximately ~70-80% of all breast tumors classify as luminal A/B breast tumors. 
These tumors are hormone receptor positive, and therefore sensitive to adjuvant 
endocrine therapy (5). The addition of trastuzumab to adjuvant chemotherapy 
considerably improved the outcome of HER2-positive breast tumors (6). However, 
approximately 10-20% of all breast tumors do not express hormone receptors or 
HER2, and are therefore insensitive to endocrine or trastuzumab treatment. Currently, 
the only treatment available for these triple-negative breast cancers (TNBCs) is 
cytotoxic chemotherapy (7). 
The TNBC group as defined by immunohistochemical staining consists for 
approximately 80% of basal-like breast cancers (BLBCs) as defined by gene 
expression profiling (8). BLBCs express luminal (CK19 and CK18) as well as basal 
cytokeratins (CK5/6, CK17 and CK14), suggesting that these tumors originate from 
an undifferentiated, dual-lineage stem/progenitor cell type. Furthermore, the TP53 
gene is often mutated in BLBCs (9), and the gene expression profiles of TP53-mutated 
breast tumors show strong association with the BLBC subgroup (10). Consequently, 
BLBCs are aggressive tumors with an expansive growth pattern (pushing margins), a 
high proliferation rate, high relapse rates and poor survival. Moreover, BLBCs occur 
more frequently in premenopausal women than in postmenopausal women and are 
often difficult to detect by mammography or ultrasound (8).
Although TNBC/BLBC has a relatively poor prognosis, approximately 60% of 
patients – even without adjuvant chemotherapy – do not relapse and after ~8 years of 
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follow up and have a high chance of being cured (reviewed in (8)). This indicates that 
within the TNBC/BLBC tumor group there is considerable heterogeneity in tumor 
behavior. At present however, all TNBC/BLBC patients are treated with cytotoxic 
adjuvant chemotherapy because there are no clinically useful prognostic and predictive 
markers to identify patients with aggressive, chemotherapy-sensitive TNBC/BLBC, 
leading to unnecessary exposure to chemotherapy of a substantial number of patients 
(7). Interestingly, in recent years it is becoming clear that phenotypic features of 
TNBC/BLBC also apply to the majority of hereditary BRCA1-mutated breast 
tumors (11, 12). Since BRCA1 function is required for homology-directed repair 
of DNA double-strand breaks (DSBs), BRCA1-mutated tumors and BRCA1-like 
BLBCs are predicted to be sensitive to DSB inducing therapy (13). Indeed, breast 
tumors from BRCA1-mutation carriers are sensitive to inhibition of DNA single-
strand break (SSB) repair by poly(ADP-ribose) polymerase (PARP) inhibitors (14) 
and to chemotherapy that causes DSBs, such as platinum drugs, alkylating agents and 
topoisomerase I poisons (15, 16). It will therefore be important to identify features 
of sporadic BLBCs (13) that may be useful as predictive biomarkers for response 
to DSB-inducing chemotherapy or PARP inhibitors. Known molecular features 
characteristic for BRCA1-mutated breast tumors are 1) a high degree of genomic 
instability due to homologous recombination (HR) deficiency (17), 2) a distinct 
pattern of genomic aberrations (18-21) 3) a high frequency of TP53 mutations and 
4) a high incidence of protein-truncating TP53 mutations (9, 22). In this study, 
we determined to what extent these molecular characteristics of BRCA1-mutated 
tumors are present in BLBCs.

Materials and Methods

Breast tumor groups
To compare molecular characteristics of BRCA1-mutated tumors with BLBCs, we 
used data from two published tumor sets from the Netherlands Cancer Institute 
that were sequenced for TP53 and for which aCGH data was generated using a 
microarray platform containing 3,500 human BAC/PAC clones covering the whole 
genome with an average spacing of 1Mb (23). 
The first dataset from Joosse et al (24) contains 34 BRCA1-mutated breast tumors 
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and 48 sporadic breast tumors, which were matched for p53 immunohistochemistry 
status with the BRCA1-associated tumor group. From this dataset we used 27 
BRCA1-mutated breast tumors and 17 luminal breast tumors, designated luminal-J 
for Joosse et al. For aCGH procedures see Joosse et al 2008 (24). We have previously 
sequenced TP53 exons 2-9 of 21 BRCA1-mutated tumors, and 13 luminal-J tumors 
defined by expression profiling (2,3).
The second dataset from Horlings et al (25) contains 68 tumors that were part of a 
series of 295 breast tumor specimens (26). From this dataset we used a subset of 21 
non-hereditary BLBCs and 31 luminal breast tumors, tumors were assigned to breast 
cancer subgroups according to their gene expression profiles (2,3). Luminal tumors 
were designated luminal-H for Horlings et al. For these tumors, TP53 exons 2-11 
and +/-30 bp outside each exon were sequenced using AB 3730 DNA Analyzer, 
using TP53 reference sequence NM_000546. For aCGH procedures and TP53 
sequencing methods see Horlings et al (25). There are 6 overlapping tumors in the 
luminal-J and luminal-H groups. TP53 mutation, ER/PR/HER2 staining pattern 
and age at diagnosis of all tumors are shown in Table 1.

Comparisons aCGH data derived from FFPE and fresh frozen tissue
When comparing aCGH profiles of tumor DNA isolated from formalin-fixed 
paraffin-embedded (FFPE) tissue (24) and fresh-frozen tissue (25), we noticed that the 
log2-ratios obtained from the different DNA sources showed different distributions. 
From the six overlapping samples from our tumor sets, as shown in Table 1, we 
saw that distribution of log2-ratios derived from FFPE samples was consistently 
wider than the log2-ratios derived from fresh frozen tissue (Supplementary Figure 
2). Therefore, we transformed both the FFPE and the fresh frozen datasets to have 
a mean of zero and a standard deviation of one before applying KC-SMART and 
comparative-KC-SMART.

KC-SMART and comparative-KC-SMART analysis
KC-SMART (Kernel Convolution – a Statistical Method for Aberrant Region 
detection) is a computational approach for statistical analysis of non-discretized 
aCGH data from multiple experiments, and determines which regions are significantly 
gained or lost relative to randomized data (P<0.05) (27). We used KC-SMART to 
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smooth the raw log2-ratios by generating a Kernel Smoothed Estimate (KSE) curves 
for gains (KSEgains) and losses (KSElosses) separately across a group of tumors. 
Comparative-KC-SMART (28) detects genomic regions that have a differential 
aCGH signal between two tumor groups. The comparative-KC-SMART algorithm 
smoothes raw log2-ratio data from each individual tumor profile by placing Gaussian 
kernel functions with the height of the log2-ratio at the genomic midposition of 
each probe (without separating gains and losses, as done for KC-SMART). For each 
tumor, an aggregated profile is determined by convolution of locally weighted kernel 
functions. For each genomic position, the KSE values from all tumors that belong to 
the two tumor groups in the comparison are used to calculate a signal to noise ratio 
(SNR). We determined a cut-off that defines significant SNR values by generating 
SNR data using 6000 class-label permutations and calculating the significance 
threshold corresponding with a False Discovery Rate (FDR) of 0.05. The width of 
a kernel applied to each data point determines the extent of smoothing and the size 
of aberrations detected. Smoothing individual tumors with a kernel width of 20 Mb 
resulted in aCGH profiles that recapitulated raw aCGH data well; therefore, we 
chose to use this kernel width for all comparisons. R-packages of KC-SMART and 
comparative-KC-SMART have been submitted to Bioconductor4.

Clustering analysis
We used the MeV program (29) to cluster tumor aCGH data.

Results

TP53 mutations in BRCA1-mutated, BLBC and luminal breast cancers
We previously found that nearly all BRCA1-mutated breast tumors had deleterious 
TP53 mutations compared to 60% of sporadic control tumors. (22). The increased 
frequency of TP53 mutations in the BRCA1-mutated tumor group was due to an 
increased frequency of truncating frameshift, splice, nonsense mutations and in-
frame insertions and deletions (22). This finding motivated us to determine TP53 
mutation frequency and type in non-hereditary BLBCs. We therefore compared 
TP53 mutation data from a group of non-hereditary BLBCs with a group of luminal 
A/B breast tumors (designated luminal-H, for Horlings et al) (25). TP53 mutation 

4 http://www.bioconductor.org/packages/2.4/bioc/html/KCsmart.html
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types and other tumor characteristics are listed in Table 1. Similar to the BRCA1-
mutated tumors, 95% of the BLBCs (20/21) harbored TP53 mutations, compared to 
26% of the luminal-H tumors (8/31). We next compared TP53 mutation types from 
BRCA1-mutated tumors and non-hereditary BLBCs with luminal-H tumors and 
luminal-J tumors (for Joosse et al) (22). We found that 52% (11/21) of the BRCA1-
mutated tumors and 57% (12/21) of the BLBCs have complex/truncating TP53 
mutations, compared to 8% (1/13) and 7% (2/31) of the luminal-J and luminal-H 
tumors, respectively (Table 2), indicating that this feature is common in hereditary 
BRCA1-mutated breast tumors and non-hereditary BLBCs.

Comparison of aCGH profiles of BRCA1-mutated tumors, BLBCs and luminal 
breast cancers
To identify DNA copy number aberrations (CNAs) that occur significantly more 
often in BRCA1-mutated breast tumors than in BLBCs, we analyzed comparative 
genomic hybridization (aCGH) profiles from BRCA1-mutated tumors, BLBCs 
and luminal breast cancers with comparative-KC-SMART, a computational method 
for detection of genomic regions that have a significantly different aCGH signal 
between two tumor groups (28). However, the DNA samples used to acquire aCGH 
profiles for the BLBC and the BRCA1-mutated tumor groups were isolated from 
fresh frozen tissue and FFPE material, respectively, resulting in differences in log2-
ratio distribution of the aCGH profiles (Supplementary Figure 2). To normalize 
this difference, we scaled the raw aCGH data to obtain a mean of zero and a 
standard deviation of one. We applied comparative-KC-SMART to the normalized 
aCGH data of the BRCA1-mutated tumor group and the BLBC group (Figure 1a). 
Comparative-KC-SMART detected small CNAs on chromosomes 5, 7, 8 and 14 that 
are significantly different between these tumor groups (regions and cancer-related 

Figure 1. (Opposite page) Comparative-KC-SMART analysis of aCGH data from BRCA1-mutated 
tumors and BLBCs. For each tumor group, the KSE curves are shown for gains and losses separately. 
a: BRCA1-mutated breast tumors (blue) vs. BLBCs (gray). Comparative-KC-SMART was applied to 
normalized aCGH data, which were scaled to have a mean of zero and a standard deviation of one. 
CNAs that occur more often in the BRCA1-mutated tumors vs. the BLBCs are shown as red horizontal 
bars on above or below the KSEgains and KSElosses respectively, and they are plotted as red overlays on the 
blue KSE curves. CNAs that occur more often the BLBCs vs. the BRCA1-mutated tumors are shown 
as green horizontal bars above or below the KSEgains and KSElosses respectively, and as green overlays on 
the gray KSE curves. b: BLBCs (blue) vs. luminal-H tumors (gray) c: BRCA1-mutated tumors (blue) 
vs. luminal-H (gray) tumors. d: Luminal-J tumors (blue) vs. luminal-H tumors (gray).
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genes are shown in Supplementary Table 1). BRCA1-specific losses and BLBC-
specific gains on chromosomes 5 and 7 flanked each other and seem to be dependent 
on each other. Interestingly, the BRCA1-specific chromosome 7 loss encompasses 
EGFR. The BRCA1-specific gain on chromosome 14 peaks at the T-cell receptor 
alpha (TCRA) locus and encompasses, among other cancer-related genes, poly(ADP-
ribose) polymerase 2 (PARP2), and B-cell lymphoma 2 like 2 (BCL2L2). Whether 
any of the genes located within these CNAs promote survival of BRCA1-deficient 
cells remains to be established.
Next, we used comparative-KC-SMART to compare CNAs in the BLBCs and 
BRCA1-mutated tumors vs. the luminal-J and luminal-H tumor groups (Figure 
1b-c). Differential gains and losses found by the individual analyses are shown in 
Supplementary Table 2. As expected, comparative-KC-SMART analysis did not 
detect any differences between Luminal-J and luminal-H tumors (Figure 1d).
Aberrations that occur more often in the luminal tumor groups than in the basal-
like/BRCA1-mutated tumors are the gains on chromosome 1q and 16p, and the 
loss on chromosome 16q (Figure 1b-c, Table 3). The first chromosome 1q gain in 
the luminal-J tumors peaks at 178.18 Mb, close to the peak at 177.0 Mb in the 
luminal-H tumors. The second chromosome 1q gain in the luminal-J tumors peaks 
at 202.0 Mb, near the peak at 203.7 Mb in the luminal-H tumors, with MDM4 
(202.81 Mb) mapping between both peaks (for genes in regions see Supplementary 
Table 3). The KSE peaks at the chromosome 16p loss found in the luminal-J 
and luminal-H tumors also map close to each other, at 15.05 Mb and 16.6 Mb 
respectively. The chromosome 16q loss consists of two peaks. The first peak maps to 
52.95 Mb (Luminal-J) and 52.20 Mb (Luminal-H), near BRD7, CYLD, and RBL2/
p130. The second peak on the chromosome 16q loss maps to 77.85 Mb (Luminal-J) 
and 79.70 Mb (Luminal-H), near one of the most active common fragile sites in 
the human genome, FRA16D, associated with the WWOX gene (77.24 Mb). Many 
of the luminal tumors show a co-occurrence of chromosome 1q gain and 16q loss 
(Supplementary Figure 1).
Because BLBCs and BRCA1-mutated tumors are almost always TP53-mutated, we 
wanted to find out whether TP53 mutations are associated with specific CNAs in 
luminal tumors. We stratified the luminal-H tumors by their TP53 mutation status 
and used comparative-KC-SMART to compare both tumor groups. Although no 
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 5differences were detected between CNAS from TP53-mutated and TP53 wild-
type luminal breast tumors, quantitative differences in KC-SMART profiles can be 
observed (see Supplementary Information and Supplementary Figure 3).

Analysis of genomic instability in BRCA1-mutated tumors and BLBCs
To determine the amount of CNAs in the different tumor groups, we used KC-
SMART to smooth individual aCGH profiles and counted the amount of CNAs 
exceeding a range of cutoffs for each tumor separately. We found that the average 
amount of CNAs is significantly greater in the BLBCs compared with luminal 
breast tumors for KSE cutoffs between 0.04 and 0.18 (P<0.05, two sided t-test with 
unequal variance). Similarly, the average amount of CNAs in the BRCA1-mutated 
tumors was higher compared with luminal tumors, but this was not significant. Using 
the normalized aCGH data as described above, we did not detect differences in the 
amount of aberrations between BRCA1-mutated breast tumors and BLBCs (Figure 
2).

Overlapping gains and losses specific for BLBCs and BRCA1-mutated tumors
We compared gains and losses specific for the BLBC/BRCA1-mutated tumor groups 
relative to the luminal-H/luminal-J tumor groups. The BLBC/BRCA1-mutated 
tumors harbored overlapping differential gains on chromosomes 1p, 2p, 3q, 6p, 6q, 
and 10p and losses on chromosomes 5q, 14q and 15q. The luminal tumor groups 
contained overlapping gains on chromosomes 1q and 16p, and an overlapping loss 
on chromosome 16q (Table 3).
Clearly, the differentially occurring CNAs detected by comparative-KC-SMART are 
fully dependent on the tumors included in the two groups. However, when peaks of 
recurrent aberrations of two different analyses map closely together, this could point 
to a region whose gain or loss is relevant for tumorigenesis, making it worthwhile 
to investigate which genes map in these regions. Cancer-related genes that map to 
overlapping differential gains or losses between BRCA1-mutated vs. luminal-J tumors 
and BLBCs vs. luminal-H tumors are shown in Supplementary Table 3. We have 
previously discussed gains and losses specific for BRCA1-mutated tumors relative to 
a group of breast tumors of mixed cell types (28), and several previous studies have 
reported recurrent differences between breast cancer subtypes (30-32).
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NKI ID
deleterious TP53 
mutation by prediction

complex/truncating
TP53 mutation

hotspot 
mutation

TP53 
IHC

ER 
IHC

PR 
IHC

HER2/Neu 
IHC

BRCA1 mutation
Age at 

diagnosis

BRCA1-mutated breast tumors
B107 G266E 0 1 0 0 0 0 c.1319delT 41
B109 R213X, H214Y 1 1 0 0 0 0 c.IVS21-36del510 30
B116 Y163C 0 1 1 0 0 0 c.185delAG 49
B118 NA NA NA 0 0 0 0 c.4416_4417delTTinsG 34
B119 NA NA NA 0 0 0 0 c.4416_4417delTTinsG 34
B122 239 insT 1 0 0 0 0 0 c.4446C>T 45
B124 NA NA NA 1 0 0 0 c.3875del4 61
B125 NA NA NA 0 0 0 0 c.2804delAA 35
B126 del 255 1 0 1 0 0 0 c.IVS21-36del510 40
B127 T55I 0 0 1 0 0 0 c.5382insC 39
B135 wild type 0 0 1 0 0 0 c.2312del5 41
B137 224 splice G>A 1 0 0 0 0 0 c.IVS12-1632del3835 32
B141 wild type 0 0 0 0 0 0 c.IVS21-36del510 39
B145 110 delC, Q100X 1 0 0 0 0 0 c.185delAG 33
B146 145 delG, Q104X, P98S 1 0 0 0 0 0 c.185delAG 33
B149 R273H 0 1 1 0 0 0 c.IVS20+1G>A 31
B150 V216M, P223S, R290C 0 1 0 0 0 0 c.IVS21-36del510 41
B152 R175H 0 1 1 0 0 0 c.IVS13+4123ins6081 47
B153 del 155-156 1 0 1 0 0 0 c.185delAG 48
B156 R248W, R280K, V218I 0 1 1 0 0 0 c.5382insC 47
B158 R282G, E326K 0 1 1 0 0 0 c.IVS21-36del510 27
B160 167 insA 1 0 0 0 0 0 c.IVS20+1G>A 61
B161 R213X, R282W, P151R 1 1 1 0 0 0 c.IVS13+4123ins6081 30
B162 NA NA NA 0 0 0 0 c.IVS20+1G>A 27
B164 258 delG 1 0 0 0 0 0 c.del exons 1A-7 31
B165 NA NA NA 1 0 0 0 c.IVS12-1632del3835 33
B171 R306X 1 0 0 0 0 1 c.IVS2-9C>G 33

Luminal-J breast tumors
C002 R248W, R110C, T55I 0 1 0 0 0 1 Luminal A 45
C010 NA NA NA 0 1 1 0 Luminal A 40
C017 K305X 1 0 0 1 1 0 Luminal B 36
C020 wild type 0 0 1 0 0 0 Luminal A 34
C022 NA NA NA 0 1 0 0 Luminal B 51
C025 P177L 0 1 0 1 1 0 Luminal A 50
C027 NA NA NA 0 1 1 1 Luminal A 45
C028 wild type 0 0 0 1 1 0 Luminal B 41
C030 wild type 0 0 0 1 0 0 Luminal B 38
C034 wild type 0 0 0 1 1 0 Luminal A 47
C036 wild type 0 0 0 1 1 0 Luminal A 40
C037 NA NA NA 0 1 1 0 Luminal B 49
C042 P190L 0 0 0 1 1 0 Luminal B 42
C044 wild type 0 0 0 1 0 0 Luminal B 45
C052 wild type 0 0 0 1 1 0 Luminal A 45
C057 P98L 0 0 0 0 0 0 Luminal B 51
C060 H179R, T125M 0 1 1 1 1 0 Luminal B 47

Basal-like breast tumors
131 239_240delCA 1 0 1 0 0 0 Basal-like 39
135 C242Y 0 1 1 0 0 0 Basal-like 45
164 W53X 1 0 0 0 0 0 Basal-like 50
184 183_184insC 1 0 0 0 0 0 Basal-like 44
215 110delC 1 0 0 0 0 0 Basal-like 49
228 IVS5-2 A>C (splice) 1 0 0 0 0 0 Basal-like 39
230 E221X 1 0 0 0 0 1 Basal-like 28
238 V173M 0 1 1 0 0 0 Basal-like 42
241 R196X 1 0 0 0 0 0 Basal-like 41
268 L252P 0 0 1 0 0 0 Basal-like 38
269 N131S 0 0 0 0 1 0 Basal-like 38
270 283insGC 1 0 0 0 0 0 Basal-like 50
307 218delGTG 1 0 1 0 0 0 Basal-like 44
324 I195T 0 1 1 0 0 0 Basal-like 46
326 155_156del 1 0 1 0 0 0 Basal-like 39
330 201delT 1 0 0 0 0 0 Basal-like 26
332 Q286K 0 1 1 0 0 0 Basal-like 49
335 R248W 0 1 1 0 0 0 Basal-like 48
367 wild type 0 0 1 1 0 1 Basal-like 49
377 255_256delTCA 1 0 1 1 1 0 Basal-like 52
398 Y220C 0 1 1 0 0 0 Basal-like 34

Table 1. Tumor characteristics of BRCA1-related, Luminal-J, basal-like and Luminal-H breast tumors. 
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Unsupervised hierarchical clustering of breast cancers
The overlapping differential gains and losses of BLBCs and BRCA1-mutated tumors 
may represent regions that discriminate BRCA1-mutated tumors and BLBCs from 
luminal-J and luminal-H tumors. To test this possibility, we performed an unsupervised 
hierarchical clustering analysis. First, we smoothed each tumor profile with KC-
SMART to remove experimental noise. Then, for each of the regional aberrations 
specific for the BLBC / BRCA1-mutated tumors or the luminal tumors (shown in 
Table 3), we calculated the mean of all KSE values within the region, for all tumors. 

NKI ID
deleterious TP53 
mutation by prediction

complex/truncating
TP53 mutation

hotspot 
mutation

TP53 
IHC

ER 
IHC

PR 
IHC

HER2/Neu 
IHC

BRCA1 mutation
Age at 

diagnosis

Luminal-H breast tumors
6 wild type 0 0 0 1 1 0 Luminal A 49
107 Q317X 1 0 0 1 1 0 Luminal B 38
110 wild type 0 0 0 1 1 0 Luminal B 51
145 R273C 0 1 0 0 1 0 Luminal B 48
157  (C002)* R248W 0 1 0 0 0 1 Luminal A 45
166 wild type 0 0 0 1 0 0 Luminal B 43
167 wild type 0 0 0 1 1 1 Luminal A 44
176 wild type 0 0 0 0 1 0 Luminal A 46
203 wild type 0 0 0 1 1 1 Luminal A 49
205 K132R 0 1 0 1 1 0 Luminal A 50
214 wild type 0 0 0 1 1 0 Luminal A 41
220 wild type 0 0 0 1 1 0 Luminal A 42
231 wild type 0 0 0 1 1 NA Luminal A 43
240 (C060)* H179R 0 1 0 1 1 0 Luminal B 47
295 wild type 0 0 0 1 1 0 Luminal A 48
298 wild type 0 0 1 1 1 0 Luminal A 50
302 (C034)* wild type 0 0 0 1 1 0 Luminal A 47
305 (C036)* wild type 0 0 0 1 1 0 Luminal A 40
312 205delT 1 0 0 1 1 0 Luminal B 47
318 R110L, S127C 0 1 0 1 1 0 Luminal A 37
322 (C044)* wild type 0 0 0 1 0 0 Luminal B 45
329 wild type 0 0 0 1 1 0 Luminal B 49
346 wild type 0 0 0 1 1 0 Luminal A 49
354 P177R 0 1 1 1 1 0 Luminal A 47
356 wild type 0 0 0 1 1 0 Luminal A 49
361 wild type 0 0 0 1 1 0 Luminal A 42
371 wild type 0 0 1 1 0 0 Luminal A 51
378 wild type 0 0 0 1 0 0 Luminal B 52
389 (C057)* wild type 0 0 0 1 0 0 Luminal B 51
391 wild type 0 0 0 1 0 0 Luminal A 51
393 wild type 0 0 0 1 1 0 Luminal B 51

Table 1 (continued). Tumor characteristics of BRCA1-related, Luminal-J, basal-like and Luminal-H breast tumors. 

Table 1. TP53 mutations: Red: complex TP53 mutation (frameshift, splice, nonensense and in-frame 
insertions or deletions), Blue: hotspot mutations according to Walker et al (49). The TP53 gene of the 
BRCA1-mutated, Luminal-J tumors were sequenced by Holstege et al (22), and in a different laboratory 
than the BLBCs and the luminal-H tumors. *Of the 6 overlapping tumors between Luminal-H and 
Luminal-J tumors some discrepancy occurs: Luminal-H tumor 157 a R248W mutation is found and in 
corresponding Luminal-J tumor C002 additional R110C and T55I mutations are found. In luminal-J 
tumor C057 a P98L mutation is found and corresponding luminal-H tumor 389 no mutations are 
found. In luminal-H tumor 240 a H179 mutation is detected and in corresponding luminal-J tumor 
C060 an additional T125M mutation is found.
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We used the mean KSE values to perform a two-dimensional complete linkage 
clustering analysis using a Pearson Correlation (Figure 3). The tumors clustered in 
two branches: 8 luminal tumors and 47 of the 48 BLBCs/BRCA1-mutated tumors 
clustered in one branch, whereas 1 BRCA1-mutated tumor and 40 of the 48 luminal-
H/J tumors clustered in the other branch. BLBCs and BRCA1-mutated tumors did 
not cluster in sub-branches and complex TP53 mutations were randomly distributed 
across the BLBC/BRCA1-mutated tumor branch. Interestingly, five of the eight 
TP53 wild-type tumors that clustered within the BLBC/BRCA1-mutated branch 
were luminal. Two of the eight luminal tumors that clustered within the BLBC/
BRCA1-mutated branch also had complex TP53 mutations, whereas only one of the 
luminal tumors clustering in the luminal branch showed a complex TP53 mutation. 

Discussion

BLBC is an aggressive subgroup of breast cancers for which, so far, no druggable target 
has been identified. In recent years it has become clear that phenotypic features of a 
subset of BLBCs resemble those of hereditary BRCA1-mutated breast cancers (12) 
and are distinctly different from the more common luminal breast tumors. BRCA1-
mutated breast tumors are HR deficient (HRD) and can therefore be targeted with 
DNA-damaging agents or PARP inhibitors (33, 34). Because there is evidence that a 
substantial fraction of BLBCs have HR pathway defects (35), we set out to determine 
which molecular characteristics of BRCA1-mutated tumors are common to BLBCs 

Table 2: Analysis of TP53 mutations in BRCA1-mutated tumors and BLBCs. TP53 exons 2-9 were 
sequenced for 21/27 of the BRCA1-mutated tumors and for 13/21 of the luminal-J tumors (22). TP53 
exons 2-11 were sequenced for all BLBCs and luminal-H tumors (Supplementary Table 1) * Amount of 
tumors with at least one complex TP53 mutation (truncating frameshift, splice and nonsense mutations 
and in-frame insertions/deletions). ** Amount of tumors with at least one deleterious missense mutation. 
Bracketed values depict the amount of tumors with at least one hotspot mutation as defined by Walker 
et al (49). Three BRCA1-mutated tumors have a complex and a deleterious missense mutation.

BRCA1-mutated (n=21) 19 90.50% 11 52.4% 11 (9) 52.4% (42.9%)
Luminal-J (n=13) 6 46.20% 1 7.7% 5 (3) 38.5% (23.1%)

Basal-like (n=21) 20 95.20% 12 57.1% 8 (6) 38.1% (28.6%)
Luminal-H (n=31) 8 25.80% 2 6.5% 6 (6) 19.3% (19.3%)

Tumors sequenced for TP53
complex TP53 mutation*TP53 mutated tumors deleterious missense (hotspot)**

n % n % n %

Table 2.  TP53 mutations in BRCA1-mutated and basal-like and luminal breast tumors 
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but not to luminal tumors. Since some of these characteristics are likely to be linked 
to BRCA1-disfunction or the HRD phenotype, they might provide important leads 
for discovery of new biomarkers or drug targets.

High incidence of protein truncating TP53 mutations in BLBC and BRCA1-mutated 
breast cancer
We and others have previously shown that BRCA1-mutated breast tumors exhibit an 
increased frequency of TP53 mutations due to a selective increase in complex TP53 

Table 3. Overlapping gains and losses that differentiate BLBCs/BRCA1-mutated tumors from luminal 
breast tumors. Differential gains and losses determined by comparative-KC-SMART (Figure 1b-c). a. 
Overlapping regions that differentiate BRCA1-mutated tumors and BLBCs from luminal tumors. b. 
overlapping regions that differentiate luminal-J and luminal-H tumors from BLBC/BRCA1-mutated 
tumors. KSE peak locations are listed for all tumor groups; peaks in italics fall just outside the region 
of overlap.

Chr - region Start (Mb) End (Mb) peaks (Mb)
BRCA1-related

peaks (Mb)
basal like

Gains 1p 59.30 66.35 62.00 61.20
2p 58.15 62.55 60.85 63.95

3q-1 152.40 160.65 150.85 154.85
3q-2 175.40 184.85 178.55 179.80
6p-1 6.95 21.95 10.9 and 19.2 14.05
6p-2 29.75 31.55
6p-3 36.00 55.30 42.60 and 53.85 36.65
6q-1 107.70 111.35 107.15 107.75
6q-2 125.25 136.90 125.55 135.60
10p 1.30 10.40 5.10 6.45
12p 0.25 11.75 0.25 0.25

Losses 5q-1 53.25 83.45 57.70 and 70.75 70.05
5q-2 102.60 124.40 102.30 and 116.25 108.6 and 124.55
5q-3 143.90 151.10
5q-4 161.25 169.80 161.05 and 170.4 157.30
12q 58.40 59.85 55.25 58.40

14q-1 38.65 42.40 40.65 36.35
14q-2 49.75 63.75 57.35 55.20 and 66.15
14q-3 78.55 90.30 79.90 81.0 and 95.09
15q 35.20 48.65 44.40 33.70 and 42.85

Chr - region Start (Mb) End (Mb) peaks (Mb)
luminal-J

peaks (Mb)
luminal-H

Gains 1q-1 176.25 184.00 178.15 177
1q-2 189.10 206.50 202 191.2 and 203.7
16p 9.05 27.10 15.05 and 28.90 16.6

Losses 16q 45.15 87.75 52.95 and 77.85 52.20 and 79.90

Table 3a.  Overlapping differential CNAs of basal-like and BRCA1-mutated breast tumors

no peaks in overlapping region

no peaks in overlapping region

Table 3b. Overlapping differential CNAs of luminal-H and luminal-J breast tumors
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mutations such as frameshift, nonsense and splice mutations or in-frame insertions/
deletions (9, 22). In this study, we found that the percentage of TP53 mutations is 
much higher in the BRCA1-mutated tumors (90.5%) and BLBCs (95.2%), compared 
to the luminal-J and luminal-H tumor groups (46.2% and 25.8%, respectively). 
Interestingly, 52.3% of the BRCA1-mutated breast tumors and 57.1% of the BLBCs 
have complex TP53 mutations, compared with 7.7% and 6.5% of the luminal-J and 
luminal-H tumors respectively. It has been suggested that the increased incidence 
of complex TP53 mutations in BRCA1-mutated tumors is a direct consequence of 
the genomic instability resulting from the DNA repair defect induced by BRCA1 
loss (9, 22). Furthermore, the DSB repair defect of BRCA1-defi cient tumors might 
confer strong selection pressure on mutation of TP53 in order to abrogate the p53-
dependent DNA damage checkpoint (36). Th e high frequency of TP53 mutations in 
non-hereditary BLBCs suggests that also these tumors are commonly compromised 
in homology-directed DSB repair. To test this possibility, it would be interesting to 
perform functional assays to measure DNA damage response and DNA repair in 
non-hereditary BLBCs with a (complex) TP53 mutation. 
It is interesting that, like us, Manie et al found an increased frequency of complex 
TP53 mutations in BRCA1-mutated breast tumors; however, they did not detect this 
feature in BLBCs (9, 22). It is possible that BLBCs are more eff ectively identifi ed by 
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Figure 2. Mean number of aberrations. a. Mean number of aberrations of BLBCs and luminal-H tumors. 
aCGH profi les from individual tumors were smoothed using KC-SMART (kernel width: 20Mb) for 
a range of thresholds. Gains exceeding a positive threshold and losses exceeding the same negative 
threshold were counted and averaged over each tumor group. Gray background indicates thresholds 
for which the average number of CNAs in the BLBC group is signifi cantly diff erent compared with 
the luminal-H tumors, calculated with a two sided t-test (P<0.05). b. Mean number of aberrations of 
BRCA1-mutated tumors and luminal-J tumors. c. Mean number of aberrations of BRCA1-mutated 
tumors and BLBCs. Th e normalized aCGH data as shown in Figure 1a were used to smooth individual 
tumor profi les.

creo




137

C
ha

pt
er

 5

gene expression profi ling than by immunohistochemical selection of tumors negative 
for ER/PR/HER2 and positive for CK5/6, CK14 or EGFR, as done by Manie et 
al. Of note, the TP53 mutation analyses for the BRCA1-mutated breast tumors and 
the BLBCs were performed in diff erent labs, thereby reducing possible methodical 
artifacts.

Recurrent CNAs in luminal tumors
Th e luminal tumors are primarily TP53 wild-type, or they have a common TP53 
hotspot mutation. Interestingly, they often have a gain on chromosome 1q and a 
loss of chromosome 16q and these genomic aberrations diff erentiate luminal tumors 
from BRCA1-mutated/BLBC tumors. Chromosome 1q gain and 16q loss (1q/16q) 
have been shown to often co-occur, and this is associated with p53 wild-type status, 
low tumor grade and a good prognosis (37). Indeed, many of the ER-positive luminal 
tumors show the 1q/16q co-occurrence, which has previously been shown to result 
from an unbalanced translocation event (38, 39). Th e peaks of the chromosome 1q 
gain of the two luminal tumor groups map to 202.0 and 203.7 Mb, encompassing the 
MDM4 gene at (202.81 Mb), which is a negative regulator of p53 (40). Th e loss of 
chromosome 16q consists of two peaks. Th e fi rst peak maps near the bromodomain 

Luminal-J

Luminal-H

BLBC

BRCA1-mutated

TP53 mutation

complexTP53 mutation

TP53 wild type

TP53 status ND

37
7

B
13

7
B

14
5

B
12

2
B

16
0

39
8

26
9

37
8

16
4

36
7

17
6

31
2

24
1

33
2

27
0

B
16

4
B

11
6

23
0

39
3

20
5

B
11

8
26

8
B

16
5

33
5

33
0

32
4

13
5

B
11

9
32

6
13

1
B

14
9

B
14

6
B

15
8

B
10

9
B

16
2

B
12

7
B

15
0

C
02

0
B

12
5

23
8

22
8

B
12

6
B

14
1

30
7

10
7

21
5

18
4

B
15

2
B

17
1

B
15

3
B

13
5

B
12

4
B

16
1

B
10

7
16

6
31

8
C

02
5

24
0

C
06

0
C

05
7

38
9

14
5

6 11
0

C
03

0
C

04
4

32
2

C
02

2
B

15
6

30
5

C
03

6
37

1
C

03
4

30
2

32
9

C
01

0
C

02
7

C
04

2
35

6
39

1
29

5
23

1
C

01
7

36
1

34
6

16
7

22
0

21
4

29
8

35
4

20
3

15
7

C
05

2
C

02
8

C
03

7
C

00
2

Loss 12q
Loss 5q-1
Loss 5q-2
Loss 5q-3
Loss 5q-4
Loss 15q
Loss 14q -1
Loss 14q-3
Loss 14q-2
Gain 16p
Gain 1q-1
Gain 1q-2
Gain 12p
Gain 3q-1
Gain 3q-2
Gain 10p
Gain 6q-1
Gain 6q-2
Gain 1p
Gain 6p-3
Gain 6p-2
Gain 6p-1
Gain 2p
Loss 16q

-0.6 0.0 0.6
Legend

Figure 3. Clustering analysis. Unsupervised hierarchical clustering of 27 BRCA1-mutated tumors, 21 
BLBCs, 17 luminal-J tumors and 31 luminal-H tumors. For each individual tumor, a KSE curve was 
calculated by smoothing each tumor profi le with KC-SMART. A mean KSE value for was determined 
for all overlapping regions of gain and loss (shown in Table 2) between BLBCs (light blue) and BRCA1-
mutated tumors (dark blue), as well as for the overlapping regions between the luminal-H (red) and 
luminal-J (pink) groups. We used two-dimensional Pearson correlation to perform complete linkage 
clustering over the mean KSE values and tumors. TP53-mutated tumors are shown in light purple; 
tumors with a complex TP53 mutation are shown in dark purple. TP53 wild-type tumors are shown in 
yellow, and tumors for which TP53 was not sequenced are shown in gray.
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7 (BRD7) gene, associated with downregulation of p53 (41), CYLD, loss of which 
has been associated with oncogenesis by activation of NF-ΚB signaling (42), and 
the retinoblastoma-like 2 gene (RBL2/p130), involved in G1S cell cycle control and 
senescence (43). The second peak on the chromosome 16q loss maps to one of the 
most active common fragile sites in the human genome, FRA16D (associated with 
the WWOX gene), which could underlie the translocation process (44). Together, 
these data suggest that, whereas development of BLBCs or BRCA1-mutated tumors 
depends on TP53 mutation, indirect p53 downregulation may be sufficient for 
luminal tumor development.

aCGH profiles of BRCA1-mutated breast tumors resemble BLBCs
BRCA1-mutated breast tumors are associated with a specific aCGH profile which 
exhibits features that can be used to identify hereditary breast tumors for which 
information on BRCA1-mutation is not available (18, 21, 24). To investigate to 
what extent CNAs specific for BRCA1-mutated tumors and BLBCs were similar 
we compared both tumor groups with comparative-KC-SMART. This comparison 
yielded very few BRCA1- or BLBC-specific aberrations, of which the most interesting 
is a BRCA1-specific gain on chromosome 14, encompassing PARP2 and BCL2L2. 
The peaks of all other gains and losses of BRCA1-mutated tumors and BLBCs co-
localized, suggesting a common selection pressure during development of these 
tumors. Indeed, we found that, compared to luminal breast tumors, BRCA1-mutated 
tumors and BLBCs had many overlapping CNAs, including the chromosome 3q 
gain and the chromosome 5q loss. Importantly, clustering on the basis of these 
regions suggests that aCGH data of these genomic regions can be used to distinguish 
BLBC/BRCA1-mutated breast tumors from luminal breast tumors.

BRCA1 and TP53 involvement in the BLBC phenotype
Our data show that BRCA1-mutated tumors share molecular characteristics of 
undifferentiated BLBCs. It has previously been proposed that BRCA1-mutation is 
associated with BLBC because BRCA1 function has stem cell regulation properties 
and because loss of BRCA1 impairs DNA damage repair during epithelial cell 
differentiation (45). However, it is also possible that a defect in DNA repair 
mechanisms is primarily harmful in proliferating cells, which are more prone 
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 5to acquire genetic lesions during cell division. Notably, proliferating cells in the 
premenopausal mammary gland have been shown to rarely express hormone receptors 
whereas hormone receptor-positive cells only rarely divide (46). In line with this, and 
in contrast to most breast tumors, both BRCA1-mutated tumors and BLBCs often 
occur in premenopausal breast epithelia (47). Therefore, we propose that inadequate 
DNA repair mechanisms result in increased susceptibility to genomic instability in 
the proliferating hormone receptor-negative cells of the premenopausal mammary 
gland. Furthermore, we propose that because of this, hormone receptor-negative 
cells depend heavily on p53-mediated cell cycle arrest and apoptosis to remain 
untransformed. This line of thought lends great importance to TP53 mutation in 
TNBC.

Conclusions

Our data suggest that a small subset of genomic regions may be useful for the 
identification of BRCA1-like BLBCs, which exhibit a high frequency of TP53 
mutations, especially complex mutations. These features of basal-like breast cancers 
might be useful for the identification of tumors with increased sensitivity to (high-
dose or dose-dense) alkylating agents and PARP inhibitors. In support of this, it 
was recently reported that TP53 mutations in non-inflammatory BLBCs are highly 
predictive of complete response to dose-dense neoadjuvant chemotherapy with 
epirubicine-cyclophosphamide (48).
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Chapter 6

Somatic loss of BRCA1 and p53 in mice induces 
mammary tumors with features of human 
BRCA1-mutated basal-like breast cancer
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Abstract
Women carrying germline mutations in BRCA1 are strongly predisposed to 
developing breast cancers with characteristic features that are also observed in 
sporadic basal-like breast cancers. They appear as high-grade tumors with high 
proliferation rates and pushing borders. On the molecular level, they are negative 
for hormone receptors and ERBB2, display frequent TP53 mutations and express 
basal epithelial markers. To study the role of BRCA1 and P53 loss-of-function 
in breast cancer development, we generated conditional mouse models with 
tissue-specific mutation of Brca1 and/or p53 in basal epithelial cells. Somatic 
loss of both BRCA1 and p53 resulted in the rapid and efficient formation of 
highly proliferative, poorly differentiated, estrogen receptor-negative mammary 
carcinomas with pushing borders and increased expression of basal epithelial 
markers, reminiscent of human basal-like breast cancer. BRCA1- and p53-
deficient mouse mammary tumors exhibit dramatic genomic instability and their 
molecular signatures resemble those of human BRCA1-mutated breast cancers. 
Thus, these tumors display important hallmarks of hereditary breast cancers in 
BRCA1-mutation carriers. 
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Introduction

Germline mutations in the human breast cancer susceptibility gene BRCA1 are 
responsible for 40-50% of hereditary breast cancers and confer increased risk 
for development of ovarian, colon and prostate cancer (1, 2). BRCA1 has been 
implicated in various cellular processes, including maintenance of genome integrity, 
DNA replication and repair, chromatin remodeling and transcriptional regulation 
(3, 4). Although the exact mechanism of mammary tumor suppression by BRCA1 
remains largely unknown, cells with dysfunctional BRCA1 show defects in survival 
and proliferation, increased radiosensitivity, chromosomal abnormalities, G2/M 
checkpoint loss and impaired homologous recombination (HR) repair (5).
BRCA1-mutated breast cancers that arise in women with germline mutations in 
BRCA1 are high-grade, hormone receptor negative breast carcinomas with frequent 
mutation of TP53 (4, 6). They also posses a basal-like phenotype as defined by 
the expression of markers that are typical for basal/myoepithelial cells, such as the 
basal cytokeratins CK5/6 and CK14 (7). Indeed, strong molecular similarities are 
observed between hereditary BRCA1-mutated breast cancers and sporadic basal-
like breast carcinomas (8, 9). This phenotypic overlap has led to the hypothesis that 
sporadic basal-like cancers may have defects in BRCA1-related pathways, such as 
amplification of EMSY and methylation of BRCA1 and FANCF (10).
In spite of the fact that several mouse strains with conventional or conditional mutations 
in Brca1 have been generated (11), no good mouse model for BRCA1-mutated basal-
like breast cancer has been developed so far. Most conventional Brca1 knockouts are 
embryonic lethal when bred to homozygosity, yet heterozygous Brca1 female mice are 
not tumor-prone (12-14). Hypomorphic Brca1tr/tr and Brca1Δ11/Δ11;p53+/- mutant mice 
as well as conditional MMTVcre;Brca1Co/Co and MMTVcre;Brca1Co/Co;p53+/- mice 
develop mammary tumors with diverse histologic patterns (15-17). Moreover, Cre-
mediated recombination of the most widely used conditional Brca1 allele (Brca1Co) 
(18) generates a hypomorphic Brca1Δ11 allele, which encodes BRCA1-Δ11, a naturally 
occurring splice variant of Brca1 (19). Novel mouse mammary tumor models based 
on conditional Brca1-null alleles are therefore required to study the role of BRCA1 
in breast cancer development.
Here we have generated conditional mouse mutants with somatic deletion of Brca1 
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and p53 in several epithelial tissues including mammary epithelium. Female mice of 
this strain showed a high incidence of mammary tumors that mimic many aspects of 
human BRCA1-mutated basal-like breast cancer.

Materials and Methods

Mutant mouse strains. Generation of conditional Brca1F mouse mutants is 
described in the Supporting Information provided with this manuscript. 
Generation of conditional p53F mutants and K14cre transgenic mice has been 
described previously (25). All animal experiments were approved by the local 
ethical review committee.

Southern blot analysis and genotyping. Isolation of high-molecular weight DNA 
and Southern blot analysis was carried out as described previously (25). Genotyping 
of the K14cre and p53F alleles was performed as described (25). Genotyping of 
Brca1F and Brca1Δ alleles are described in the Supporting Information provided 
with this manuscript.

Histology and immunohistochemistry. Histological and immunohistochemical 
stainings of tissue sections were performed as described before (42). Primary and 
secondary antibodies used are listed in the Supporting Information provided with 
this manuscript. 

Array-CGH analysis. Array-CGH analysis of mouse mammary tumors was 
performed by fluorochrome-reversed pairs of two-color hybridizations of 3K mouse 
BAC microarrays with fluorescently labeled tumor DNA and normal (spleen) 
DNA from the same animals as described (43). The Rosetta Error Model was 
used to calculate weighted averages and statistical confidence levels (29, 43). All 
values with p-values below 0.01 were considered to represent significant CNAs. To 
quantify the difference in genomic instability between p53Δ/Δ and Brca1Δ/Δ;p53Δ/Δ 
tumors, the total number of significant BACs was summed for all tumors in each 
tumor group, and a two-sided t-test was used to determine statistical significance of 
the observed differences in values calculated for both groups.
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Figure 1. Incidence and spectrum of tumors in K14cre female mice carrying conditional Brca1F and p53F 

alleles. A. Kaplan-Meier (K-M) survival curve of K14cre;p53F/F female mice (n = 32), showing a median 
tumor-free survival age (T50) of 288 days. B. K-M curves of K14cre;p53F/F mice (blue curve) versus 
K14cre;Brca1F/F female mice (green curve; n = 11; T50 = 595 days; p<0.0001) and K14cre;Brca1F/F;p53F/F 
female mice (orange curve; n = 50; T50 = 213 days; p<0.0001). C. K-M curve of K14cre;p53F/F mice 
(blue curve) versus K14cre;Brca1F/+;p53F/F female mice (pink curve; n = 19; T50=332 days; p=0.218). 
D. K-M curve of K14cre;Brca1F/F;p53F/+ female mice (red curve; n = 16; T50=407 days). Tumor types 
(mammary, skin or other) are indicated for each female. Mice were killed when mammary tumors 
reached a diameter of approx. 1 cm or skin tumors grew to a size of approx. 0.7 cm. For mice with both 
skin and mammary tumors, the size of the latter was used as the criterion. E. Southern blot analysis 
of tumor DNA to detect Cre-mediated deletion and spontaneous loss of Brca1 (EcoRV + StuI digest, 
Brca1 exon 14 probe) and p53 (BglII digest, p53 XbaI probe). Tumors (T) and control spleens c. from 
the same animal are shown for representative female mice (1-6) of each genotype.
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Gene expression profiling. Methods for RNA extraction, RNA amplification, 
microarray hybridization, and data processing are described in the Supporting 
Information provided with this manuscript. For unsupervised clustering and 
supervised classification, the number of gene features was reduced from 18173 to 
5237 by excluding genes with more than 10% missing values as well as genes that 
showed significant changes in expression (log2 ratio > 1 or < -1) in less than 10% of 
the samples. 

Unsupervised clustering and supervised classification. Two-dimensional 
unsupervised hierarchical clustering was performed using the Pearson correlation as 
a distance measure and complete linkage. SAM analysis5 (44) was used to identify a 
group of mouse BRCA1 reporter genes, which could separate mouse Brca1Δ/Δ;p53Δ/Δ 
tumors from p53Δ/Δ tumors in the training set. Supervised classification was 
performed by calculating the Euclidean distance of each tumor to the centroid of 
the mouse Brca1Δ/Δ;p53Δ/Δ tumors and p53Δ/Δ tumors, respectively. Tumors used for 
training and validations are indicated in SI Tables 2 and 3.

GO analysis of mouse BRCA1 reporter genes. GO analysis of mouse BRCA1 
reporter genes was performed using the Gene Set Analysis Toolkit6.

Cross-species comparison of microarray data. Methods used for unsupervised 
hierarchical clustering and GSEA analysis of microarray expression data from 
human and mouse tumors are described in the Supporting Information provided 
with this manuscript.

5 http://bioconductor.org/packages/1.8/bioc/html/siggenes.html
6 http://bioinfo.vanderbilt.edu/webgestalt

Table 1. Mammary tumor spectrum and incidence in K14Cre;p53F/F  and K14Cre;Brca1F/F;p53F/ F female mice

Tumor type Human classification K14Cre;p53F/F K14Cre;Brca1F/F;p53F/F

Carcinoma Intermediate to high-grade IDC-nos 8/21 (38) 29/32 (91)

Biphasic carcinoma, poorly differentiated Carcinosarcoma 10/21 (48) 1/32 (3)

Biphasic carcinoma, well differentiated Adenomyothepithelioma 3/21 (14) 2/32 (6)

Incidence (%)
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Results

Somatic inactivation of p53 induces mammary tumor formation.

Since BRCA1-mutated breast tumors frequently contain mutations in TP53 (20), we 
set out to create a mouse mammary tumor model based on simultaneous inactivation 
of BRCA1 and p53. Modeling mammary tumorigenesis in conventional p53 knockout 
mice is complicated by the fact that these mice develop lymphomas and sarcomas 
rather than epithelial tumors (21-23). Moreover, conventional tumor suppressor 
gene knockout mice do not mimic sporadic tumor development, because the 
targeted mutations are present in all cells of the animal (24). We therefore generated 
a conditional mammary tumor model based upon tissue-specific inactivation of 
p53. To this end, we crossed conditional p53F mice with K14cre transgenic mice in 
which Cre recombinase expression is restricted to several epithelial tissues, including 
skin and mammary gland epithelium (25). The resulting K14cre;p53F/F female mice 
developed mammary tumors and skin tumors with a median latency (T50) of 288 
days (Figure 1A).

BRCA1 and p53 loss collaborate in mouse mammary tumorigenesis

To study the role of BRCA1 in mammary tumorigenesis, we generated mice carrying 
conditional Brca1F alleles in which Brca1 exons 5-13 are flanked by loxP sites 
(Supporting Information (SI) Figure 7). We crossed these animals to K14cre and 
K14cre;p53F/F mice to produce compound mutant animals with epithelium-specific 
loss of BRCA1 and/or p53. K14cre;Brca1F/F female mice showed normal ductal and 
alveolar development and were able to lactate and nurse their litters (data not shown). 
A cohort of 11 K14cre;Brca1F/F virgin mice was monitored for tumor formation; 
however, none of the animals developed mammary tumors during an 800-day period 
(Figure 1B).
To study the potential synergistic effects of epithelial BRCA1 and p53 
inactivation on mammary tumor formation, cohorts of K14cre;Brca1F/F;p53F/F, 
K14cre;Brca1F/+;p53F/F and K14cre;Brca1F/F;p53F/+ female mice were generated and 
monitored for the development of neoplasms. Compared to K14cre;p53F/F animals, 
K14cre;Brca1F/F;p53F/F mice developed mammary tumors with a significantly 
reduced median latency of 213 days (Figure 1B, p < 0.001). Tumor onset and 
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 6progression in these mice was relatively uniform, with most tumors arising between 
140 and 280 days. Compared to K14cre;Brca1F/F;p53F/F female mice, significantly 
longer median tumor-free survival periods (p < 0.0001) were observed for the 
K14cre;Brca1F/+;p53F/F and K14cre;Brca1F/F;p53F/+ animals (T50 of 332 days and 
407 days, respectively), demonstrating that both BRCA1 and p53 loss-of-function 
contribute to tumorigenesis in these mice (Figures 1C and 1D). K14cre;Brca1F/+;p53F/F 
and K14cre;p53F/F animals developed tumors with comparable latency (Figure 1C; p 
= 0.218), showing that BRCA1 is not haploinsufficient for suppression of mammary 
and skin tumorigenesis in mice. The fraction of female mice that developed mammary 
tumors was higher in the K14cre;Brca1F/F;p53F/F cohort (40/50; 80%) than in the 
K14cre;p53F/F cohort (20/32; 63%), indicating that BRCA1 loss skews towards 
mammary tumorigenesis. Within each group, mammary tumors and skin tumors 
developed with a comparable median latency, showing that BRCA1 and p53 loss-of-
function also collaborate in skin tumorigenesis.

High incidence of loss of heterozygosity at p53, but not at Brca1, in mammary tumor 
formation
Collaboration of BRCA1 and p53 inactivation in tumorigenesis was confirmed 
by Southern blot analysis of mammary tumors from K14cre;Brca1F/F;p53F/F, 
K14cre;Brca1F/+;p53F/F and K14cre;Brca1F/F;p53F/+ mice. All tumors (32/32) from 
K14cre;Brca1F/F;p53F/F mice had lost all four conditional Brca1F and p53F alleles (Figure 
1E, mouse 1 and 2). Similarly, all tumors (11/11) from K14cre;Brca1F/F;p53F/+ animals 
showed Cre-mediated deletion of all conditional alleles as well as loss of the wild type 
p53 allele (Figure 1E, mouse 3 and 4). In contrast, in the K14cre;Brca1F/+;p53F/F mice, 
all tumors (9/9) showed loss of both conditional Trp53 alleles, but only 80% (7/9) of 
the tumors had lost the conditional Brca1 alleles (Figure 1E, mouse 6) and 20% (2/9) 
of the tumors showed retention of the conditional Brca1 allele (Figure 1E, mouse 5). 
None of these tumors showed loss of the wild type Brca1 allele. The stochastic loss of 
the conditional Brca1 allele without concomitant loss of the wild type allele suggests 
that BRCA1 has relatively weak tumor suppressor activity compared to p53, or that 
LOH at Brca1 is more infrequent in mice than in humans.
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Figure 2. Histopathological features of mammary tumors from K14cre;p53F/F and K14cre;Brca1F/F;p53F/F 
female mice. Microphotographs of representative tumor sections stained with hematoxylin and eosin 
(HE; panels A, D, G, J), or with antibodies against cytokeratin 8 (CK8; panels B, E, H, K), vimentin 
(panels C, F, L) or SMA (panel I). (A-C) Solid carcinoma, resembling high grade IDC-nos in humans. 
(D-F) Poorly differentiated biphasic carcinoma, resembling carcinosarcoma in humans. (G-I) Well 
differentiated biphasic carcinoma, resembling adenomyoepithelioma in humans. ( J-L) Carcinoma with 
chondroid metaplasia.

Histopathologic features of mammary tumors in K14cre;p53F/F and 
K14cre;Brca1F/F;p53F/F female mice
As shown in Table 1 and SI Table 2, the mammary tumors that developed in 
K14cre;p53F/F female mice were either pure epithelial tumors (8/21; 38%) with 
glandular differentiation or with a solid growth pattern without differentiation; 
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Figure 3. Loss of BRCA1 induces genomic instability.  A-B. Array-CGH profiles of representative 
mammary tumors from K14cre;p53F/F and K14cre;Brca1F/F;p53F/F mice, respectively. Log2 hybridization 
ratios are plotted for 2803 BAC clones, represented on the CGH microarray, at their genomic position. 
Red dots represent amplifications significantly greater than zero and green dots represent deletions 
significantly less than zero (Rosetta Error Model; p < 0.01). C. Comparison of array-CGH profiles of 
tumors from K14cre;Brca1F/F;p53F/F mice (n = 26) and K14cre;p53F/F mice (n = 27) shows that BRCA1 
loss results in a significant increase of CNAs. Depicted are mean percentages of BACs with a p < 0.01 
per tumor group and per chromosome. Statistical significance of the observed differences in percentage 
of CNAs between both groups was calculated using a two-sided t-test (p = 0.00013). 

or biphasic tumors either poorly differentiated with malignant epithelial and 
mesenchymal components (10/21; 48%) or differentiated with an organoid 
adenomyoepithelial pattern (3/21; 14%). The pure epithelial tumors resembled 
human invasive ductal carcinoma not otherwise specified (IDC-nos) of intermediate 
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to high grade; all showed expansive growth, high mitotic count, and moderate to 
high nuclear grade (Figure 2A-C). Necrosis was uncommon, and there was no or 
moderate lymphocytic infiltrate. The cells expressed CK8 and were ER negative. The 
poorly differentiated biphasic tumors combined a high grade CK8 positive epithelial 
component with a pleomorphic (malignant fibrous histiocytoma-like) CK8 negative 
and vimentin positive mesenchymal component (Figure 2D-F). These tumors 
resembled human carcinosarcomas. The differentiated biphasic tumors resembled 
human adenomyoepitheliomas, showing complex branching glands lined by a double 
layer of CK8 expressing luminal epithelium and smooth muscle actin (SMA) positive 
myoepithelium (Figure 2G-I). Also these tumors had pushing borders, were ER-
negative and showed no or moderate lymphocytic infiltrate.
Compared to K14cre;p53F/F animals, a much larger fraction (29/32; 91%) of 
K14cre;Brca1F/F;p53F/F female mice developed carcinomas that resembled high 
grade IDC-nos in humans, with a solid growth pattern, a large CK8 positive and 
ER negative cell type with high grade nuclei, high mitotic count, and with pushing 
borders (Table 1 and SI Table 3). Few cases showed necrosis, and no or moderate 
lymphocytic infiltrate was observed. Some Brca1Δ/Δ;p53Δ/Δ carcinomas (2/29; 7%) 
contained areas of chondroid metaplasia with gradual transitions of solid nests of 
CK8 positive cells into dispersed CK8 negative, vimentin positive (myoepithelial) 
cells surrounded by matrix (Figure 2J-L).

BRCA1 loss induces genomic instability
Genomic instability is an almost universal characteristic of solid tumors in humans 
(26), and both BRCA1 and p53 have been implicated in this phenomenon (27, 
28) To assess the contribution of each tumor suppressor to genomic instability, 
we performed array-based comparative genomic hybridization (CGH) analysis 
on mammary tumors from K14cre;p53F/F and K14cre;Brca1F/F;p53F/F female mice. 
While somatic inactivation of p53 alone resulted in an appreciable level of genomic 
instability, as measured by the extent of DNA copy number aberrations (CNAs), 
combined inactivation of BRCA1 and p53 caused a significant increase in CNAs (p 
= 0.00013), indicating that BRCA1 loss-of-function is an important determinant for 
induction of genomic instability (Figure 3).
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 6BRCA1-deficient mouse mammary tumors express basal epithelial markers
To explore differences in gene expression between BRCA1-deficient and BRCA1 
proficient mammary tumors, we determined the gene expression profiles of 32 
Brca1Δ/Δ;p53Δ/Δ tumors and 21 p53Δ/Δ tumors, using pooled RNA of 12 p53Δ/Δ tumors 
as common reference. After combination of the normalized data from dye swap 
experiments using the Rosetta error model (29), 5237 genes were selected that showed 
significant changes in expression across the 53 tumors. Next, a two-dimensional 
unsupervised hierarchical clustering algorithm was used to group the 53 tumors on 
the basis of similarity in their gene expression profiles, and the 5237 genes on the 
basis of similarity in their expression pattern across all 53 tumors (Figure 4A and SI 
Figure 8). This analysis yielded several groups of clustered genes, which contained 
basal cytokeratins (Krt2-5) and other markers (Trim29, Trp63, Idb4) that have been 
implicated in basal-like breast cancer (9, 30-32). These markers, which are often 
expressed in human BRCA1-mutated breast cancers (9, 32), were also upregulated 
in most, if not all, mouse Brca1Δ/Δ;p53Δ/Δ tumors. Increased expression of p63 and 
CK5 in Brca1Δ/Δ;p53Δ/Δ tumors, compared to p53Δ/Δ tumors could be confirmed by 
immunohistochemistry (Figure 4B-G).

Supervised classification of mouse mammary tumors
To identify a group of reporter genes that could distinguish mouse Brca1Δ/Δ;p53Δ/Δ 
tumors from p53Δ/Δ tumors, we performed supervised classification based on 
Significance Analysis of Microarrays (SAM) with a training set of 16 Brca1Δ/Δ;p53Δ/Δ 
carcinomas and 10 p53Δ/Δ carcinomas. We obtained a set of 646 genes (false discovery 
rate (FDR) = 0.012) for which expression was either decreased or increased in the 
Brca1Δ/Δ;p53Δ/Δ tumors, compared to the p53Δ/Δ tumors (Figure 5A and SI Table 4). 
A nearest centroid classifier based on the 646 BRCA1 reporter genes was capable 
of classifying the Brca1Δ/Δ;p53Δ/Δ and p53Δ/Δ tumors from the training set with 100% 
accuracy (Figure 5B). Moreover, an 85% (23/27) correct classification rate was obtained 
with the Brca1 classifier for a validation series of 16 Brca1Δ/Δ;p53Δ/Δ tumors and 11 
p53Δ/Δ tumors that were not part of the training data set (Figure 5C). Gene ontology 
(GO) analysis showed significant over-representation of the 646 optimal BRCA1 
reporter genes in a number of biological processes, including cell differentiation, cell 
cycle and chromatin modification (SI Table 5 and SI Figure 9).
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Figure 4. Mammary tumors from K14cre;Brca1F/F;p53F/F female mice display characteristics of basal-
like breast cancers. A. Unsupervised hierarchical clustering of gene expression profiles from mammary 
tumors of K14cre;Brca1F/F;p53F/F mice (n = 32) and K14cre;p53F/F mice (n = 21). Two-dimensional 
clustering based on Pearson correlation coefficients revealed three branches of genes, which contained 
several markers for basal cell types. The complete heat map of all 5237 significant genes is depicted in SI 
Figure 8. The dendrogram shows that the majority of the p53Δ/Δ tumors (in blue) were separated from 
the Brca1Δ/Δ;p53Δ/Δ tumors (in orange). B-G. Histochemical staining of mammary tumor sections from 
K14cre;Brca1F/F;p53F/F mice (B-D) and K14cre;p53F/F animals (E-G) with HE (panels B, E) or with 
antibodies against p63 (panels C, F), and cytokeratin 5 (CK5; panels D, G).
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Figure 5. Supervised classification of mouse mammary tumors. A. Expression data matrix of 646 
BRCA1 reporter genes from a training set containing 16 Brca1Δ/Δ;p53Δ/Δ carcinomas (red labels) and 10 
p53Δ/Δ carcinomas (green labels). Each row represents a tumor and each column a gene. B. Supervised 
classification of individual tumors from the training set, according to their Euclidean distances to the 
centroids of mouse Brca1Δ/Δ;p53Δ/Δ mammary tumors and p53Δ/Δ tumors, respectively. C. Supervised 
classification of an independent validation series containing 16 Brca1Δ/Δ;p53Δ/Δ tumors (dark blue 
diamonds) and 11 p53Δ/Δ tumors (light blue diamonds). Most mammary tumors in the validation series 
(23/27) were correctly classified by the 646 reporter genes.
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Cross-species comparison by unsupervised clustering
To determine if the molecular signatures of mouse Brca1Δ/Δ;p53Δ/Δ mammary tumors 
resembled those of human BRCA1-mutated breast cancers, we examined the 
relationships among a group of 53 mouse mammary tumors (21 p53Δ/Δ tumors and 32 
Brca1Δ/Δ;p53Δ/Δ tumors) and 44 human breast tumors (16 ER-negative BRCA1 tumors 
and 28 ER-negative sporadic tumors) using unsupervised clustering (Figure 6A and 
SI Figure 10). The first bifurcation of the hierarchical clustering dendrogram identifies 
two clusters of tumors, which represent non-random samplings from the complete 
population (Chi-squared test, p = 3.7 x 10-4 and p = 2.5 x 10-5, respectively). Mouse 
p53Δ/Δ tumors are overrepresented in Cluster 1 (hypergeometric test, p = 6.9 x 10-7) 
and mouse Brca1Δ/Δ;p53Δ/Δ tumors are overrepresented in Cluster 2 (hypergeometric 
test, p = 4.2 x 10-11). The human sporadic ER-negative tumors show a significant 
association with Cluster 1 while the human BRCA1 tumors show a significant 
association with Cluster 2 (Chi squared test, p = 0.035). Hence, human ER-negative 
sporadic breast cancers cluster together with mouse p53Δ/Δ mammary tumors, whereas 
human BRCA1 tumors co-cluster with mouse Brca1Δ/Δ;p53Δ/Δ tumors.

Cross-species comparison by Gene Set Enrichment Analysis
To further explore the similarity between the mouse and human tumors, we employed 
Gene Set Enrichment Analysis (GSEA) (33). Based on the expression of 7127 non-
redundant, annotated genes represented on both mouse and human microarray 
platforms, GSEA was applied to test association between expression of the genes in 
a gene set and the class labels (i.e. Brca1Δ/Δ;p53Δ/Δ vs. p53Δ/Δ for mouse tumors, and 
BRCA1-mutated vs. sporadic ER-negative for human tumors). SI Figures 11B and 
11C depict scatter plots of the mouse and human Maximum Enrichment Scores 
(MESs) for 980 gene sets of the GO hierarchy7 and 424 gene sets of the MSigDB 
C2 Pathways database8, respectively. Overall, similar sets of genes exhibit equal levels 
of association between the gene expression and the class labels for both species, 
meaning that if a given gene set is predictive for the class label of the human tumors, 
the same set is also likely to be predictive for the class label of the mouse tumors. In 
support of this, a significant overlap (24/98) is observed for the top-10% GO gene 
sets with maximal MES scores based on human data and mouse data, respectively 
(hypergeometric test, p = 7.7 x 10-6). The overlap of the top-10% MSigDB gene 

7 http://www.geneontology.org
8 http://www.broad.mit.edu
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 6sets (11/42) is also significant (p = 1.1 x 10-3). Several of these overlapping top-
10% gene sets are associated with processes in which BRCA1 is implicated, such as 
recombinatorial repair, mitotic recombination, telomere maintenance, X-inactivation 
and transcriptional regulation (SI Table 6).

Discussion

To create a mouse model for BRCA1-associated breast cancer, we have exploited 
two main characteristics of BRCA1-mutated tumors: the frequent occurrence of 
TP53 mutations and the basal-like phenotype characterized by expression of basal 
epithelial markers such as CK5 and CK14. Using Cre-loxP technology we have 
targeted somatic mutation of both Brca1 and p53 specifically to CK14-expressing 
(mammary) epithelial cells. The resulting K14cre;Brca1F/F;p53F/F mouse model shows 
effective cooperation of BRCA1 and p53 in mammary tumorigenesis and lack of 
haploinsufficiency for BRCA1 in mammary tumor suppression. The majority of 
Brca1Δ/Δ;p53Δ/Δ mammary tumors are solid carcinomas that resemble high grade 
IDC-nos in humans.
Our histopathological and molecular analyses showed that Brca1Δ/Δ;p53Δ/Δ mammary 
tumors recapitulate several features of both human BRCA1-mutated hereditary 
breast cancers and sporadic basal-like breast cancers. Most Brca1Δ/Δ;p53Δ/Δ tumors 
are highly proliferative, ER-negative, carcinomas with a high degree of genomic 
instability, pushing borders and expression of basal epithelial markers. The basal-like 
tumor phenotype might, in part, be explained by the fact that Cre expression in our 
K14cre transgenic mice is driven by the basal CK14 gene promoter, which is active in 
mammary stem cells (34, 35).
The availability of mammary tumors from both K14cre;p53F/F and K14cre;Brca1F/F;p53F/F 
mice allowed us to study the role of BRCA1 loss-of-function in breast oncogenesis 
via comparative analysis of matched series of BRCA1-proficient and BRCA1-
deficient tumors. Gene expression profiling of Brca1Δ/Δ;p53Δ/Δ mammary tumors and 
p53Δ/Δ control tumors showed that BRCA1 loss leads to a more undifferentiated 
tumor phenotype with increased expression of basal epithelial markers, suggesting 
that BRCA1 might be causally related to the basal-like tumor phenotype. In support 
of this, BRCA1 has recently been reported to be required for differentiation of 
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Figure 6. Cross-species comparison of mouse and human BRCA1-deficient breast cancers. Unsupervised 
hierarchical clustering was used to compare gene expression profiles of human breast cancer samples 
from 16 BRCA1 mutation carriers (in pink) and 28 sporadic ER-negative cases (in grey) with profiles 
of 32 mammary tumors from K14cre;Brca1F/F;p53F/F female mice (in orange) and 21 tumors from 
K14cre;p53F/F female mice (in blue). Most mouse Brca1Δ/Δ;p53Δ/Δ and human BRCA1-mutated tumors 
(42/48) are interspersed and cluster together in a single branch of the dendrogram. The complete heat 
map of all 5410 significant genes is shown in SI Figure 10.

mammary epithelial cells (36).
Further support for our mice as a model for human BRCA1-mutated breast cancer 
came from our cross-species comparisons of microarray expression data from mouse 
and human breast tumors. Unsupervised clustering of gene expression patterns 
showed that Brca1Δ/Δ;p53Δ/Δ mouse mammary tumors are most similar to human 
BRCA1 tumors, whereas p53Δ/Δ mouse tumors are more similar to human sporadic 
basal-like breast cancers. Similarity between mouse and human BRCA1-deficient 
tumors is underscored by the fact that Brca1Δ/Δ;p53Δ/Δ mouse mammary tumors mix 
with human BRCA1-mutated tumors instead of falling into two separate branches 
in the dendrogram. 
Conventional methods for microarray expression data analysis, such as unsupervised 
clustering or supervised classification, fail to detect biological processes that are 
distributed across a gene network and subtle at the level of individual genes. We 
have therefore employed a second analysis method, GSEA, to search for shared 
relationships between mouse and human BRCA1 tumors with regard to expression 
patterns of sets of genes with the same biological function or ontology. GSEA of 
mouse and human BRCA1 tumors showed that, overall, functional gene sets exhibit 
similar levels of correlation between gene expression and the class labels (i.e. BRCA1-
proficient versus BRCA1-deficient) in both species. Hence, gene sets that are 
predictive for the class label of the human sample are also likely to be predictive for 
the class label of the mouse sample. Of note, several of the most predictive gene sets 



161

C
ha

pt
er

 6are associated with processes in which BRCA1 is implicated, such as recombinatorial 
repair and mitotic recombination (5), telomere maintenance (37), X-inactivation (38) 
and transcriptional regulation (39).
In summary, we have generated a K14cre;Brca1F/F;p53F/F mouse model, which develops 
BRCA1-deficient mammary tumors that closely mimic human BRCA1-mutated 
breast cancers with basal-like phenotypes. This model may be helpful in predicting 
responses of human BRCA1-deficient tumors to conventional chemotherapeutics 
(40) as well as targeted therapeutics such as Poly(ADP-ribose) polymerase 1 (PARP1) 
inhibitors that target cancers with defective HR repair (41, 42).
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Abstract 
Cross-species comparison of array comparative genomic hybridization (aCGH) 
data from cognate mouse and human tumors is a powerful approach to identify 
novel cancer genes. We compared aCGH data from 130 mouse Brca1∆/∆;p53∆/∆, 
Brca2∆/∆;p53∆/∆ and p53∆/∆ mammary tumors with 103 human BRCA1-mutated, 
BRCA2-mutated and non-hereditary breast cancers. This cross-species analysis 
yielded a complete collection of genes and loci that are commonly gained or lost 
in mouse and human breast cancer. We identified MYC gain and RB1/INTS6 
loss as key collaborators in mouse and human breast tumorigenesis and AURKA 
gain in BRCA2-related tumor development in both species. We also detected 
recurrent CNAs that occurred only in one species, such as a prominent gain 
on chromosome 10 in mouse Brca2∆/∆;p53∆/∆ tumors or a 3q gain encompassing 
PIK3CA in human BRCA1-mutated tumors. Interestingly, both mouse and 
human BRCA1-mutated tumors skew towards basal-like carcinomas suggesting 
that selection pressure for development of gains and losses may be dependent 
on tumor cell type. In contrast, the oncogenomes of mouse and human breast 
tumors show similarities but also marked differences.
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Introduction

Western women have a 10-12% risk of developing breast cancer, making this disease 
the most common malignancy in females (1). Approximately 5-10% of breast cancer 
cases can be explained by a hereditary predisposition. Between 25-40% of these cases 
involve the inheritance of one defective copy of the BRCA1 or BRCA2 genes (2-5) 
which confer a ~50-80% lifetime risk to breast or ovarian cancer (1). 
BRCA1 and BRCA2 are implicated in homology-directed DNA double strand 
break (DSB) repair and loss of BRCA function results in chromosomal instability 
(6-8). This chromosomal instability can be evaluated by array-based comparative 
genomic hybridization (aCGH) which measures copy number alterations (CNAs) in 
tumor DNA relative to normal DNA (9). Analysis of recurrent CNAs in BRCA1- or 
BRCA2-mutated breast tumors may point to loci and genes that are causally involved 
in tumorigenesis. We used aCGH profiles of genetically engineered mouse (GEM) 
models for BRCA1- and BRCA2-associated breast cancer to mine aCGH data from 
human breast cancers (10, 11). In these mouse models, tumorigenesis is driven by 
combined loss of p53 and BRCA1 or BRCA2. Phenotypic aspects of these mouse 
mammary tumors are similar to those of cognate human breast tumors: mouse p53∆/∆ 
and Brca2∆/∆;p53∆/∆ mammary tumors comprise approximately 50% basal carcinomas 
and 50% carcinosarcomas, whereas most mouse Brca1∆/∆;p53∆/∆ tumors are basal-like 
carcinomas. Likewise, human BRCA2-mutated tumors resemble sporadic tumors in 
that they do not skew towards any cellular phenotype (12), whereas most BRCA1-
mutated tumors have a basal like phenotype (10, 12, 13). Of note, our mouse models 
do not give rise to ER-positive luminal tumors, which is the phenotype of 70-80% of 
human sporadic and BRCA2-mutated breast tumors (14, 15). Since human basal-like 
and luminal human breast tumors have different aCGH profiles (16), comparison of 
aCGH profiles of mouse Brca1∆/∆;p53∆/∆ carcinomas with basal-like human BRCA1-
mutated tumors may be more accurate than comparison of ER-negative mouse 
Brca2∆/∆;p53∆/∆ tumors with ER-positive human BRCA2-mutated breast tumors. 
Syntenic regions that are found recurrently aberrated in both mouse and human cancers 
have a greater probability of being relevant for human breast tumorigenesis (17). 
To identify overlapping CNAs, we applied two statistical frameworks to six groups 
of mouse and human BRCA1-deficient, BRCA2-deficient and BRCA-proficient 
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breast tumors. First we applied KC-SMART (18), which identifies significantly 
recurrent aberrations within each tumor group. We also applied comparative- KC-
SMART (19) to find recurrent aberrations that occur more often in one tumor group 
compared to another. Together, our KC-SMART and comparative-KC-SMART 
analyses highlight important genomic similarities and differences between human 
breast cancers and their mouse counterparts.

Materials and Methods

Mouse tumors
We bred cohorts of K14cre;Brca1F/F;p53F/F female mice(10), K14cre;Brca2F/F;p53F/F 
female mice(11), and K14cre;p53F/F female mice(10). We isolated DNA from 35 
Brca1∆/∆;p53 ∆/∆, 62 Brca2∆/∆;p53∆/∆ and 33 p53∆/∆ mammary tumors and from (tumor-
free) spleens from the same animals.

aCGH analysis
Mouse aCGH profiles were obtained using a microarray containing 3080 unique 
mouse bacterial artificial chromosome (BAC) clones spotted in duplicate, as 
described previously (20). Hybridizations were done as described in (20) with minor 
modifications. In brief, we labeled 2 µg of tumor DNA with Cy5 and 2 µg reference 
DNA with Cy3 and vice versa for the dye swap, using the Universal Linkage System 
(Kreatech Biotechnology, Cat# EA-006) according to the manufacturer’s protocol. 
All hybridizations were performed in a hybridization station (Tecan, Cat# Hs4800). 
For detailed hybridization protocols see the website of the NKI Microarray Facility9. 
The intensity of the Cy5 signal was calculated relative to the intensity of the Cy3 
signal for each spot on the array and this ratio was log2 transformed. Data was 
normalized by shifting the ratios by the median log2-ratio per sub array. Dye swap 
data (a total of four spots per data point) were combined using the Rosetta error 
model (21). Mouse tumor DNA samples were hybridized against a reference DNA 
(spleen) from the same animals to avoid detection of DNA copy number variations 
between mice. Data has been added to the public repository Array Express (accession 
number to be assigned, EMBL-EBI)10 .
To compare mouse aCGH profiles with human profiles, we used two previously 

9 http://microarrays.nki.nl/research/methods.html
10 http://www.ebi.ac.uk/microarray-as/aer/
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published human datasets containing aCGH data from 27 human BRCA1-mutated, 
28 BRCA2-mutated and 48 non-hereditary breast tumors (22, 23). 

KC-SMART and comparative-KC-SMART analysis
KC-SMART (Kernel Convolution – a Statistical Method for Aberrant Region 
detection) determines which CNAs are significantly recurrent within a tumor group 
(18). KC-SMART generates Kernel Smoothed Estimate (KSE) curves for gains 
and losses separately across a group of tumors. Briefly, at the genomic midposition 
of each BAC probe, KC-SMART places a Gaussian kernel with the height of the 
sum of either the positive log2-ratios or the negative log2-ratios of all tumors within 
a tumor group. KSE curves (one for gains and one for losses) are point estimates 
determined by convolution of locally weighted kernel functions such that the closer 
the genomic distance between two probes the more they will contribute to each others 
convoluted values. Significance cut-offs are calculated for gains and losses separately 
using the distribution of KSE peak heights from randomized data (P<0.05) (18). 
When applying KC-SMART to aCGH profiles of single tumors, gains and losses 
were not separated.
Comparative-KC-SMART (19) detects CNAs that occur significantly more often 
in one tumor group compared to another. The algorithm creates a KSE curve for 
each individual tumor by placing Gaussian kernel functions with the height of the 
log2-ratio and at the genomic midposition of each probe (without separating gains 
and losses). For each genomic position in the KSE curve, the KSE values from one 
tumor group are compared to the KSE values from another group by calculating a 
signal to noise ratio (SNR). We determined a significance cutoff by applying a False 

Figure 1. (Opposite page) aCGH profiles of mouse mammary tumors. a. Representative aCGH profiles 
of Brca1Δ/Δ;p53Δ/Δ, Brca2Δ/Δ;p53Δ/Δ and p53Δ/Δ mouse mammary tumors. Averaged log2-ratios are plotted at 
their genomic position. Red dots (gains) and green dots (losses) depict log2-ratios significantly different 
from 0 as determined by the Rosetta error model (21). Chromosomes are numbered and separated by 
blue lines. b. KC-SMART analysis of aCGH profiles from 35 Brca1Δ/Δ;p53Δ/Δ, 62 Brca2Δ/Δ;p53Δ/Δ and 
33 p53Δ/Δ mammary tumors. Significant CNAs within each tumor group are depicted by color matched 
bars on top (gains) and below (losses) the KSE curves. c. Comparison of the mean percentage of 
datapoints with absolute log2-ratio>0.3 for Brca1Δ/Δ;p53Δ/Δ, Brca2Δ/Δ;p53Δ/Δ and p53Δ/Δtumors. P-values 
were determined by two-tailed t-test. d. aCGH profiles of individual tumors were smoothed using KC-
SMART. Absolute CNAs exceeding a range of thresholds were counted and averaged over each tumor 
group. Curves are darkened at thresholds for which the average number of CNAs is significantly greater 
in the Brca1Δ/Δ;p53Δ/Δand Brca2Δ/Δ;p53Δ/Δ tumors compared with the p53Δ/Δ tumors (P<0.05).
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Discovery Rate (FDR) of 0.05 on the SNR data vs. randomized SNR data using 
6000 class-label permutations.
The width of a kernel applied to each data point determines the sensitivity of 
smoothing and the size of aberrations detected. To compare mouse and human tumor 
groups we consistently used one kernel width of 20 Mb, which best smoothed noise 
while detecting CNAs from aCGH profiles of both mouse and human tumors.
To identify the locations of the peaks of a KSE curve, we calculated for which position 
the KSE value was higher (for gains), or lower (for losses), compared to the values 
of neighboring datapoints. Although peaks may be a local maximum or minimum 
within a larger gain or loss, these local peaks are part of the data and might harbor 
interesting genes that drive the larger gain or loss.
An R-package of the KC-SMART and comparative-KC-SMART algorithms is 
included in Bioconductor11.

Combining mouse and human aCGH datasets
We used the BioMart data-mining tool in Ensembl Build 52 to cross-reference two 
Ensembl datasets (NCBI Homo sapiens Build 36 and NCBI Mus musculus Build 37). 
Details are provided in the Supplementary Information. 

Results

aCGH analysis of mouse mammary tumors
To investigate the impact of BRCA1 and BRCA2 loss on chromosomal instability 
in breast epithelial cells, we performed aCGH on mammary tumors from our GEM 
models for BRCA1- and BRCA2-associated breast cancer (10, 11). Mammary 
tumors in these mice arose from epithelial-specific loss of p53 alone (n=33), or 
in combination with BRCA1 (n=35) or BRCA2 (n=62). Typical aCGH profiles 
of Brca1∆/∆;p53∆/∆ , Brca2∆/∆;p53∆/∆ and p53∆/∆ tumors are shown in Figure 1a. The 
Brca1∆/∆;p53∆/∆ tumors were mostly of basal cell type (10) whereas the p53∆/∆ tumor 
group consisted of mixed cell types (38% carcinomas, 48% carcinosarcomas and 14% 
adenomyoepitheliomas). The Brca2∆/∆;p53∆/∆ tumors were of mixed cell type with a 
similar distribution as the p53∆/∆ tumors (our unpublished data).
We used KC-SMART (18) to identify significantly recurrent CNAs in the mouse 

11 http://www.bioconductor.org/packages/2.4/bioc/html/KCsmart.html



173

C
ha

pt
er

 7

mammary tumor groups (Figure 1b and Supplementary Table 1). Many significantly 
recurrent gains (chromosomes 5, 6, 9-cen, 11-tel and 15) and losses (chromosomes 
4, 7-tel, 8, 10-tel, 12, 14, and 18) overlapped between all tumor groups. Regional 
gains on chromosomes 1, 2, 10, 17, 19 and losses on chromosomes 3, 13, 16 and X 
were common to both Brca1∆/∆;p53 ∆/∆ and Brca2 ∆/∆;p53 ∆/∆ tumors but not to p53 ∆/∆ 
tumors. In addition, a high-level amplicon on chromosome 10 occurred in >50% of 
the Brca2∆/∆;p53 ∆/∆ tumors.
Compared with the Brca1∆/∆;p53∆/∆ tumor group, the p53∆/∆ tumor group showed 
more whole chromosome gains and losses, rather than regional aberrations. The 
Brca2∆/∆;p53∆/∆ tumor group appeared to be an intermediate version of both extremes. 
To quantify the level of genomic instability for each tumor group we calculated the 
mean percentage of BAC clones with log2-ratio>0.3 for gains and log2-ratio<-0.3 
for losses separately and found that this percentage was significantly higher for the 
Brca1∆/∆;p53∆/∆ and Brca2∆/∆;p53∆/∆ groups compared to the p53∆/∆ group (Figure 1c). 
Also the Brca1∆/∆;p53∆/∆ group had significantly more losses than the Brca2∆/∆;p53∆/∆ 
group.

Figure 2. Genomic instability of human BRCA1-mutated, BRCA2-mutated and sporadic control breast 
tumors. a. Comparison of the mean percentage of datapoints with absolute log2-ratio>0.2 of human 
BRCA1/2-mutated tumors and control tumors. P-values were determined by a two-tailed t-test. b. 
aCGH profiles of individual tumors were smoothed using KC-SMART. Absolute CNAs exceeding 
a range of thresholds were counted and averaged over each tumor group. Curves are thickened at 
thresholds for which the average number of CNAs per tumor group is significantly greater in the 
BRCA1/2-mutated tumors compared with the sporadic control tumors (P<0.05).
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Figure 3a. KC-SMART analysis of aCGH data from mouse Brca1Δ/Δ;p53Δ/Δ tumors and human BRCA1-
mutated tumors groups. In the cross species comparison, the upper panel compares KSE curve of the 
mouse gains (Mm) (top) with KSE curve of the human gains (Hs) (bottom). The lower panel compares 
the mouse and human losses. Significant CNAs are depicted in red above or below the KSE curves. 
Genes that map to significant CNAs in tumors of both species are plotted in red on the KSE curve, and 
are connected between the two plots by gray lines. Thicker connecting lines represent multiple genes 
that map to one syntenic region of gain or loss. The KSEs of the aCGH data were scaled by setting 
the significance threshold determined by KC-SMART to 1 for gains and -1 for losses. (Cancer-related 
genes that map in the overlapping regions are shown in Table 1 (abridged list).
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Next, we quantified CNAs in each tumor by smoothing their aCGH profiles with 
KC-SMART and calculating the number of peaks in the KSE curves exceeding 
a range of KSE thresholds. Compared to the p53∆/∆ group, the average number of 
CNAs was significantly higher in the Brca1∆/∆;p53∆/∆ and Brca2∆/∆;p53∆/∆ groups 
between thresholds of 0.04–0.54 and 0.06–0.62, respectively (Figure 1d) Line-plots 
of the regions exceeding an arbitrary threshold of 0.15 are shown in Supplementary 
Figure 1. Overall, aberrations that occurred in the p53∆/∆ group also occurred in the 
Brca1∆/∆;p53∆/∆ and Brca2∆/∆;p53∆/∆ groups but in a greater fraction of tumors and with 
higher log2-ratios. Hence, BRCA1 or BRCA2 loss on top of p53 loss appears to 
aggravate the tumor profile.
The cellular phenotypes of the p53∆/∆ and Brca1∆/∆;p53∆/∆ tumors were determined 
previously (10). After stratifying the p53∆/∆ tumors according to tumor type, we 
found that the carcinomas and adenomyoepitheliomas harbored significantly more 

Table 1. Regions identified by cross-species KC-SMART analysis. Genes in regions found by cross-
species KC-SMART analysis (Figure 3a) that overlap between human BRCA1-mutated and mouse 
Brca1Δ/Δ;p53Δ/Δ tumors. The syntenic regions in the human and the mouse genome are listed in columns 
1 and 2. The “Orthology” column lists the number of mouse (M) and human (H) genes mapping within 
each region of overlap, and the number of unique orthologous pairs (pair). Strand inversion between the 
two species is indicated by 1 (no inversion) or -1 (inversion). Listed are cancer-related genes included 
in the Atlas of Genetics and Cytogenetics in Oncology and Haematology (35) and the Cancer Gene 
Census (CGC) (36). Annotated cancer genes and CGC genes are shown in bold type; putative cancer 
genes in normal type. Cancer-related genes that map closest to the human KSE peak are shown in blue, 
genes that map closest to the mouse KSE peak in red, and genes that map to the mouse AND human 
KSE peaks in green. Overlapping regions encompassing one orthologue were removed; for complete 
list see Supplementary Table 3.

Human Mouse annotated / cancer gene census/putative oncogenes in region of overlap

Chr. Start (Mb) End (Mb) Chr. Start (Mb) End (Mb) H M pair strand peak location of KSE curves:
blue: human, red: mouse, green: both mouse and human

Gains 1 200.37 205.60 1 132.22 136.97 70 71 71 -1 PTPN7, UBE2T, PPP1R12B, JARID1B, RABIF, ADIPOR1, PPFIA4, MYOG, 
CHI3L1, CHIT1, BTG2, FMOD, OPTC, REN, PLEKHA6, PPP1R15B, 
PIK3C2B, MDM4, LRRN2, CNTN2, RBBP5, RIPK5, NUAK2, LEMD1, 
PCTK3, ELK4, SLC45A3, RAB7L1, CTSE, SRGAP2, IKBKE, RASSF5, 
DYRK3, MAPKAPK2, IL10, IL20, IL24, FAIM3, PIGR, C4BPA, CD55

8 70.54 76.11 1 12.68 17.75 21 21 21 1 SULF1, PRDM14, NCOA2, TERF1, RDH10, TCEB1

97.58 139.58 15 32.87 71.56 121 123 123 1 SDC2, TSPYL5, MTDH, LAPTM4B, HRSP12, COX6C, FBXO43, SPAG1, 
RNF19A, YWHAZ, RRM2B, UBR5, KLF10, ATP6V1C1, BAALC, FZD6, 
CTHRC1, WDSOF1, RIMS2, DPYS, LRP12, ABRA, ANGPT1, RSPO2, 
EIF3E, TMEM74, NUDCD1, EBAG9, TRPS1, EIF3H, RAD21, EXT1, 
TNFRSF11B, MAL2, NOV, ENPP2, COL14A1, MTBP, HAS2, ZHX2, DERL1, 
FAM83A, ATAD2, FBXO32, ANXA13, TRMT12, RNF139, MTSS1, SQLE, 
KIAA0196, NSMCE2, TRIB1, FAM84B, MYC, GSDMC, ADCY8, KCNQ3, 
TG, WISP1, NDRG1, KHDRBS3

Losses 5 72.45 74.20 13 98.17 99.79 9 9 9 -1 BTF3, ENC1 

13 48.72 51.23 14 58.51 61.91 17 18 18 1 PHF11, RCBTB1, ARL11, KPNA3, TRIM13, KCNRG, RNASEH2B, INTS6

52.12 52.52 14 78.32 78.76 4 4 4 1 PCDH8, OLFM4 

57.10 66.70 14 83.25 92.77 5 5 5 1  PCDH17, DIAPH3, TDRD3

14 54.10 57.69 14 45.80 48.70 19 20 20 1 GCH1, MAPK1IP1L, LGALS3, DLGAP5, FBXO34, KTN1, PELI2, OTX2

57.74 60.26 12 71.86 74.03 21 21 21 1 ARID4A, TIMM9, DACT1, RTN1, PPM1A, SIX1

95.90 101.10 12 106.09 110.73 20 20 20 1 AK7, VRK1, BCL11B, CCNK, EML1, EVL, YY1, C14orf68, DLK1, DIO3

15 19.80 19.87 14 49.20 49.24 2 3 3 1 OR4N4, OR4M2

X 110.81 111.81 X 139.56 140.60 5 5 5 1 ALG13, TRPC5, ZCCHC16, LHFPL1

Orthology

Table 1a. BRCA1
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aberrations than the carcinosarcomas (Supplementary Figure 2). This might explain 
why the KSE curves from the p53∆/∆ and Brca2∆/∆;p53∆/∆ tumor groups (which contain 
both carcinosarcomas and carcinomas) remain at lower level compared with the KSE 
curves from the Brca1∆/∆;p53∆/∆ tumor group (which contains only carcinomas).

aCGH analysis of human breast tumors 

We compared aCGH data from our Brca1∆/∆;p53∆/∆, Brca2∆/∆;p53∆/∆ and p53∆/∆ tumor 
groups with aCGH data from previously published BRCA1-mutated, BRCA2-
mutated and control human breast cancers (22, 23). First, we assessed the genomic 
instability of the human tumors by calculating the mean percentage of BAC clones 
with log2-ratio>0.2 for gains and log2-ratio<-0.2 for losses separately. The mean 
log2-ratio of the gains and the losses in the aCGH data of human tumors was 
lower compared to the mouse aCGH data (data not shown); therefore, a lower 
cutoff was used to calculate the percentage of BACs reporting gains or losses in the 
human tumors. Compared to sporadic control tumors, the percentage of gains was 
significantly higher for the BRCA1-mutated tumor group but not for the BRCA2-
mutated tumor group (p=2.5x10-3) (Figure 2a). The fraction of losses in the BRCA1 
and BRCA2 tumor groups were not significantly different from the sporadic tumor 
group. Similarly, the BRCA1-mutated tumor group had significantly more CNAs 
than the sporadic tumor group between thresholds of 0.08–0.24 (Figure 2b). The 
average amount of aberrations in the BRCA2-mutated tumors was not significantly 
increased compared to control tumors except between thresholds of 0.06–0.08.

Cross-species comparison of mouse and human breast tumors

To identify and narrow down regions with highest relevance for BRCA related tumor 
formation, we compared aCGH profiles of human BRCA-mutated and sporadic breast 
tumors with profiles from mouse BRCA-deficient and -proficient mammary tumors. 
First, we performed a cross-species analysis using KC-SMART(18), which identifies 
significantly recurrent CNAs within each tumor group. Second, we performed a 
cross-species analysis using comparative-KC-SMART (19) which identifies CNAs 
that occur with significantly different frequency in one tumor group compared to 
another.
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We used KC-SMART (18) to identify significant recurrent CNAs in mouse and 
human breast tumors (Figure 3). Regions of significant gain or loss determined by 
KC-SMART are reported in Supplementary Table 1 for mouse tumors and in (19) 
for human tumors. For comparison of mouse and human CNAs, we used a synteny 
list of human genes and their mouse orthologues. Overlapping CNAs in our cross-
species comparison, and the cancer-related genes that map within these regions are 
listed in Table 1 and Supplementary Table 3. We also identified human and mouse 
KSE peak locations and listed the closest cancer-related genes in Table 1.
We identified one recurrent gain in all six tumor groups on human chromosome 
8q (mouse chromosome 15). In all mouse tumor groups, the peak of this gain was 
located at (for Brca2∆/∆;p53∆/∆ and p53∆/∆ tumors) or near (for Brca1∆/∆;p53∆/∆ tumors) 
the MYC oncogene at 128.8 Mb. The peak of the human BRCA2-mutated tumors 
mapped exactly on MYC, and the peak of the human control tumors mapped slightly 
downstream of MYC (ADCY8, 132.21 Mb). All human tumor groups had a second 
chromosome 8 peak mapping between EXT1/TNFRSF11B at 119.4 Mb and ENPP2/
COL14A1 at 120.87 Mb, which was not shared with the mouse tumor groups.
All tumor groups showed a recurrent loss on chromosome 13q (mouse chromosome 
14), which is commonly associated with the RB1 gene. Indeed, the overlapping 
regions of the mouse and human BRCA2 groups included RB1. Interestingly, the 
overlap of all tumor groups included the candidate tumor-suppressor gene INTS6/
DICE1.
Remarkably, the KSE peak of the BRCA2-specific gain on chromosome 20 (mouse 
chromosome 2) centered exactly on the Aurora kinase A (AURKA) oncogene in 
both species. Similarly, the recurrent losses on chromosomes 16q and 17p of human 
control tumors, and the syntenic losses on chromosomes 8 and 11 of mouse p53∆/∆ 

tumors, centered on exactly the same genes: MMP2 and MAP2K4, respectively. This 
suggests that loss of these (or neighboring) genes is relevant for tumorigenesis in 
both species. Of note, the Aurka gain also occurred in mouse Brca1∆/∆;p53∆/∆ tumors 
and the loss of mouse chromosomes 8 and 11 was not specific for the Brca1∆/∆;p53∆/∆ 

tumors.
All human tumor groups showed a significant recurrent gain on chromosome 
1 overlapping with the mouse Brca1∆/∆;p53∆/∆ tumors but not with the p53∆/∆ and 
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Brca2∆/∆;p53∆/∆ tumors (Supplementary Figure 1). Interestingly, the BRCA1-specific 
overlap encompasses PIK3CB and MDM4. 
The BRCA1 and BRCA2 tumor groups of both species and the mouse p53∆/∆ 

group harbored a recurrent loss on human chromosome 14 (mouse chromosome 
12), peaking on ARID4A (57.87 Mb) and DACT1 (58.17 Mb). Whether the region 
containing ARID4A and DACT1 contains a driver gene for this whole chromosome 
loss remains to be established.

Cross-species analysis using comparative-KC-SMART
We used comparative-KC-SMART to identify CNAs that occurred significantly 
more often in mouse Brca1∆/∆;p53∆/∆ tumors compared to p53∆/∆ tumors. We used the 
same method to identify CNAs that occurred significantly more often in human 
BRCA1-mutated breast tumors compared to control tumors. Differentially occurring 
gains and losses are depicted in Figure 4a. We next determined which genomic 
regions are differentially recurrent in both mouse and human BRCA1-deficient 
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Figure 3 continued b. Overlapping gains and losses for mouse Brca2Δ/Δ;p53Δ/Δ tumors and human 
BRCA2-mutated tumors. c. Overlapping gains and losses for mouse p53Δ/Δ tumors and human control 
tumors. Idem Figure 3a.
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tumors by mapping the orthologous genes of our synteny list to the differentially 
aberrated regions in both species. We applied the same analysis to the mouse and 
human BRCA2-deficient tumors (Figure 4b). 
Regional CNAs that occurred significantly more often in the Brca1∆/∆;p53∆/∆ or 
Brca2∆/∆;p53∆/∆ mouse tumor groups compared with the p53∆/∆ control tumors are 
listed in Supplementary Table 3. Comparative-KC-SMART analysis of human 
BRCA1- and BRCA2-mutated breast tumors has been previously described (19). 

Table 1 continued b. human BRCA2-mutated and mouse Brca2Δ/Δ;p53Δ/Δ tumors, and c. human control 
tumors and mouse p53Δ/Δ tumors. Idem Table 1a.

annotated / cancer gene census/putative oncogenes in region of overlap

Chr. Start (Mb) End (Mb) Chr. Start (Mb) End (Mb) H M pair strand peak location of KSE curves:
blue: human, red: mouse, green: both mouse and human

Gains 8 113.30 139.58 15 47.41 71.56 65 67 67 1 TRPS1, EIF3H, RAD21, EXT1, TNFRSF11B, MAL2, NOV, ENPP2, 
COL14A1, MTBP, HAS2, ZHX2, DERL1, FAM83A, ATAD2, FBXO32, 
ANXA13, TRMT12, RNF139, MTSS1, SQLE, KIAA0196, NSMCE2, TRIB1, 
FAM84B, MYC, GSDMC, ADCY8, KCNQ3, TG, WISP1, NDRG1, KHDRBS3

20 51.02 57.33 2 169.32 174.43 39 38 39 1 ZNF217, BCAS1, CYP24A1, AURKA, CSTF1, TFAP2C, BMP7, CTCFL, 
PMEPA1, C20orf85, RAB22A, GNAS, CTSZ, TUBB1, EDN3

57.59 62.04 2 178.07 181.48 51 51 51 1 PPP1R3D, CDH4, PSMA7, SS18L1, HRH3, ADRM1, LAMA5, GATA5, 
NTSR1, OGFR, DIDO1, BIRC7, CHRNA4, EEF1A2, PTK6, SRMS, RTEL1, 
ARFRP1, TPD52L2, DNAJC5

Losses 8 8.21 9.68 8 36.30 37.62 5 5 5 -1 MFHAS1, PPP1R3B, TNKS 

13 19.15 21.17 14 55.68 57.07 17 17 17 1 ZMYM2, GJB2, GJB6, IFT88, SAP18, LATS2, FGF9 

22.65 25.52 14 58.58 60.21 16 15 16 -1 SACS, TNFRSF19, MIPEP, SPATA13, PARP4, ATP12A, RNF17, CENPJ, 
ATP8A2

34.41 39.22 3 53.07 56.27 22 22 22 -1 NBEA, DCLK1, SPG20, CCNA1, SMAD9, FAM48A, POSTN, TRPC4, LHFP

40.40 48.68 14 71.27 78.32 44 45 45 -1 C13orf15, AKAP11, TNFSF11, EPSTI1, DNAJC15, TSC22D1, SPERT, 
CPB2, LCP1, HTR2A, ITM2B, RB1, P2RY5, RCBTB2 

48.72 51.23 14 58.51 61.91 17 18 18 1 PHF11, RCBTB1, ARL11, KPNA3, TRIM13, KCNRG, RNASEH2B, INTS6

52.12 69.58 14 78.32 95.40 10 10 10 1 PCDH8, OLFM4, KLHL1

78.95 87.13 14 104.14 110.56 5 5 5 SPRY2 

98.70 101.17 14 121.05 123.11 12 12 12 1 EBVS1, GPR183,  PCCA

14 54.38 57.69 14 46.08 48.70 18 19 19 1 GCH1, MAPK1IP1L, LGALS3, DLGAP5, FBXO34, KTN1, PELI2, OTX2

57.74 61.67 12 71.86 75.21 30 30 30 1 ARID4A, TIMM9, DACT1, RTN1, PPM1A, SIX1, MNAT1, PRKCH, HIF1A

15 19.80 19.87 14 49.20 49.24 2 3 3 1 OR4N4, OR4M2

22 21.30 21.99 10 74.40 75.03 6 5 6 mixed RTDR1, GNAZ, RAB36, BCR 

22.42 22.97 10 75.03 75.39 17 15 17 -1 VPREB3, MMP11, SMARCB1, GSTT2, GSTT1

23.00 23.35 10 74.67 75.03 7 7 7 1 ADORA2A, GGT1

33.79 34.28 8 77.77 78.12 6 6 6 LARGE, HMGXB4, TOM1, HMOX1, MCM5, RASD2

annotated / cancer gene census/putative oncogenes in region of overlap

Chr. Start (Mb) End (Mb) Chr. Start (Mb) End (Mb) H M pair strand peak location of KSE curves:
blue: human, red: mouse, green: both mouse and human

Gains 8 120.00 139.58 15 54.08 71.56 55 57 57 1 TNFRSF11B, MAL2, NOV, ENPP2, COL14A1, MTBP, HAS2, ZHX2, DERL1, 
FAM83A, ATAD2, FBXO32, ANXA13, TRMT12, RNF139, MTSS1, SQLE, 
KIAA0196, NSCME2, TRIB1, FAM84B, MYC, GSDMC, ADCY8, KCNQ3, 
TG, WISP1, NDRG1, KHDRBS3 

Losses 8 7.18 7.87 7 103.12 104.73 3 5 15 mixed AF228730.6, AC130360.4-202

8.21 9.68 8 36.30 37.62 5 5 5 -1 MFHAS1, PPP1R3B, TNKS 

9.95 11.97 14 61.95 63.41 18 18 18 -1 MSRA, PINX1, MTMR9, BLK, GATA4, NEIL2, FDFT1, CTSB

13 19.15 25.52 14 55.68 58.59 33 32 33 1 ZMYM2, GJB2, GJB6, IFT88, SAP18, LATS2, FGF9, SACS, TNFRSF19, 
MIPEP, SPATA13, C1QTNF9, PARP4, ATP12A, RNF17, CENPJ, ATP8A2

48.72 51.23 14 58.51 61.91 17 18 18 1 PHF11, RCBTB1, ARL11, KPNA3, TRIM13, KCNRG, RNASEH2B, INTS6

52.12 52.52 14 78.32 78.76 4 4 4 1 PCDH8, OLFM4 

16 45.25 60.63 8 88.15 102.31 88 94 95 1 ORC6L, DNAJA2, SIAH1, ADCY7, BRD7, NOD2, CYLD, RBL2, IRX5, 
MMP2, SLC6A2, CES1, GNAO1, AMFR, MT3, MT1, MT2, NUP93, 
SLC12A3, CCL22, CX3CL1, CCL17, CIAPIN1, GPR56, KATNB1, MMP15, 
CSNK2A2, NDRG4, CDH8 

75.80 80.69 8 116.52 120.65 21 21 21 1 WWOX, MAF, DYNLRB2, ATMIN, PLCG2, HSD17B2 

17 7.68 18.65 11 62.70 69.23 71 71 72 -1 JMJD3, CHD3, GUCY2D, ALOX15B, HES7, PER1, AURKB, ARHGEF15, 
MYH10, PIK3R5, NTN1, WDR16, RCVRN, GAS7, MYH2, SCO1, MAP2K4, 
ELAC2, COX10, PMP22, ADORA2B, ZSWIM7, NCOR1, PIGL, UBB, 
TRPV2, MPRIP, FLCN, COPS3, RASD1, PEMT, RAI1, SREBF1, ALKBH5, 
TOP3A, SHMT1, KRT17

19 18.58 19.64 8 72.72 73.42 29 29 29 -1 CRTC1, COMP, UPF1, GDF1, COPE, DDX49, SLC25A42, MEF2B, 
RFXANK, PBX4, LPAR2 

32.00 34.28 8 75.71 78.12 7 7 7 1 LARGE, HMGXB4,TOM1, HMOX1, MCM5, RASD2

ygolohtrOesuoMnamuH

ygolohtrOesuoMnamuH

Table 1c  human control and mouse p53 /

Table 1b. BRCA2
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The regions of human-mouse overlap determined by comparative-KC-SMART are 
listed in Table 2 and Supplementary Table 4. The control tumors show no syntenic 
regions of overlap in any of the comparisons.
Regarding regions encompassing more than one gene, there are 26 regions that 
overlap between mouse and human BRCA1-mutated tumors (10 overlapping 
BRCA1-specific gains and 16 losses), compared to only 4 overlapping BRCA2-
specific losses. This marked difference is due to the lack of differential aberrations 
between BRCA2 tumors and control tumors. A detailed description of the cancer-
related genes residing in the overlapping regions is included in the Supplementary 
Information.

Discussion

The defined tumor-initiating lesions and similar genetic background of GEM tumors 
permits identification of recurrent genomic aberrations linked to certain genetic 
predispositions. Cross-species comparison of genomic aberrations in GEM tumors 
and the cognate human cancers may identify conserved genomic regions likely to be 
important for development in both species(17). Indeed, comparative aCGH analyses 
showed that many genomic aberrations are conserved between human and mouse 
neuroblastomas (24) (25), ovarian cancers (26), hepatocellular carcinomas (27), 
melanomas (28) and lymphomas (29). 
In this work, we analyzed and compared aCGH data from a large series of mouse and 
human BRCA1- and BRCA2-mutated breast cancers, in order to obtain a complete 
collection of genes and loci that are recurrently gained or lost in tumors of both 
species. We find frequent amplification of the MYC locus and loss of the RB/INTS6 
locus in mouse and human breast tumors, and AURKA amplification in mouse and 
human BRCA2-mutated tumors. However, we also find non-overlapping recurrent 
aberrations in mouse and human tumors.

Brca1 and Brca2 loss amplifies aCGH patterns of mouse p53∆/∆ mammary tumors
We used our mouse models for BRCA-associated breast cancer to study the impact 
of BRCA1 or BRCA2 loss on the oncogenome of p53 deficient mammary tumors. 
KC-SMART profiles of mouse Brca1∆/∆;p53∆/∆ and Brca2∆/∆;p53∆/∆ mammary tumors 
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 7showed that significantly recurrent genomic aberrations largely overlap with recurrent 
aberrations in p53∆/∆ tumors, suggesting that BRCA1 or BRCA2 loss intensifies the 
pattern of aberrations associated with tumorigenesis induced by p53 loss. We find 
that the p53∆/∆ tumors have frequently gained or lost entire chromosomes. In contrast, 
Brca1∆/∆;p53∆/∆ and Brca2∆/∆;p53∆/∆ tumors have an increased amount of regional 
aberrations, presumably resulting from error-prone DSB repair in the absence of 
homology directed DNA repair. Interestingly, most gains and losses found in the 
p53∆/∆ tumor group are intensified by BRCA1 or BRCA2 loss but some are not, such 
as the gain on chromosome 15 and the losses on chromosomes 7 and 12.
Differences in tumor cell type and/or tumor-initiating mutations may also result 
in different selection pressure during tumor development and thus lead to different 
patterns and/or intensities of recurrent aberrations. For example, the recurrent gain 
on chromosome 1 or the losses on chromosomes 4 and 9 of the Brca1∆/∆;p53∆/∆ 
tumors are less common in the Brca2∆/∆;p53∆/∆ tumors. Conversely, the prominent 
gain on chromosome 10 is more common in the Brca2∆/∆;p53∆/∆ tumors than in 
the Brca1∆/∆;p53∆/∆ tumors. Tumor cell type may also affect the amount of genomic 
aberrations, as the carcinomas of the p53∆/∆ and the Brca2∆/∆;p53∆/∆ tumor groups seem 
to accumulate more genomic aberrations than the carcinosarcomas. Likewise, the 
Brca1∆/∆;p53∆/∆ tumor group (with >90% carcinomas) shows more genomic aberrations 
than the Brca2∆/∆;p53∆/∆ mammary tumor group, which consists of 50% carcinomas 
and 50% carcinosarcomas. These data support the notion that that BRCA1 loss – 
but not BRCA2 loss – may block cellular differentiation (30). Alternatively, loss of 
BRCA1 might not be tolerated in more differentiated cells.

Comparative oncogenomics identifies similarities and differences in mouse and human 
breast tumors
Most GEM tumors do not show the high degree of genomic instability associated 
with human cancers (29), presumably because the engineered mutations predispose 
to rapid tumor formation and thereby obviate the need for genomic instability as a 
mechanism for accumulation of mutations. Mice with engineered telomere dysfunction 
or defects in DNA damage checkpoints or DNA repair may therefore represent 
better models for comparative oncogenomics (29). In our analysis, we compared 
aCGH profiles from human and mouse BRCA1/2-deficient tumors with defective 
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Figure 4. Cross-species analysis using comparative-KC-SMART. KC-SMART analysis of human and 
mouse aCGH data yielded KSE curves for gains (upper panel) and losses (lower panel) separately. 
Regions that are more often aberrated in mouse (Mm) Brca1/2Δ/Δ;p53Δ/Δ vs. p53Δ/Δ tumors, or in human 
(Hs) BRCA1/2-mutated vs. control tumors are shown as red bars on the bottom or top of each panel. 
Regions that are more often aberrated in mouse p53Δ/Δ tumors or human control tumors are depicted 
as green bars. Differential CNAs found in tumors of both species are plotted in red on the KSE curves 
and genes mapping within these regions are interconnected by gray lines. a. Differential gains and losses 
that co-occur in mouse Brca1Δ/Δ;p53Δ/Δ tumors and human BRCA1-mutated tumors. b. (Opposite page) 
Differential gains and losses that co-occur in mouse Brca2Δ/Δ;p53Δ/Δ tumors and human BRCA2-mutated 
tumors. Cancer-related genes that map in the overlapping regions are shown in Table 2 on p 186 
(abridged list) and Supplementary Table 4 (complete list).
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homology-directed DSB repair. We assumed that this DNA repair defect allows a 
comparable selective advantage in mammary tumorigenesis in both species. Indeed, 
all tumor groups showed recurrent gain of the MYC region on human chromosome 
8q and mouse chromosome 15. Likewise, loss of the RB1 region occurred in all 
human and mouse tumor groups, and all overlapping regions encompass the INTS6 
gene.
Th e amplifi cation on human chromosome 20 overlapped with the syntenic 

creo
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amplification on mouse chromosome 2 of the Brca1∆/∆;p53∆/∆ and the Brca2∆/∆;p53∆/∆ 
tumors, at the Aurora Kinase A (AURKA) gene. The AURKA gain has been 
previously associated with BRCA2-mutated breast tumor development (31) but our 
findings suggest that the functional interaction between AURKA and BRCA2 may 
be evolutionarily conserved. The mouse Brca1∆/∆;p53∆/∆ tumors also showed the gain 
on chromosome 2 but the p53∆/∆ tumors, on the other hand, did not show this gain 
at all, suggesting that in mouse mammary tumorigenesis this gain may selectively 
develop in a homologous recombination deficient (HRD) background. 
For most overlapping aberrations detected by KC-SMART and comparative-KC-
SMART, it is difficult to associate a driver gene with a gain or a loss. Also, known 
recurrent aberrations in human BRCA1-mutated breast cancers show no (e.g. 3q 
gain) or only partial (e.g. the 5q loss) overlap with the mouse gains and losses. 
The human 3q gain is associated with PIK3CA overexpression; possibly, mouse 
tumors have alternative ways to activate the PI3K pathway. Alternatively, PIK3CA 
overexpression might not provide a selective advantage in these mouse tumors. The 
regions susceptible for amplification or deletion in the mouse and human genome 
may not be the same due to, for example, differences in the genomic organization 
of syntenic regions, heterochromatinized regions, positions of fragile sites, or 
chromosome folding, all of which could contribute to differences in the development 
of the mouse and human cancer genome.
In our mouse models, BRCA1 and BRCA2 loss clearly have different impacts on 
tumor development. As in human BRCA1- and BRCA2-mutated breast cancers, 
most mouse BRCA1 tumors are carcinomas whereas the BRCA2 tumors are a mix 
of carcinomas and carcinosarcomas. This phenotypic resemblance of mouse and 
human BRCA1 and BRCA2 tumors only partly reflects the genotypic resemblance. 
We find some important genomic similarities between mouse and human cognate 
cancers, such as the MYC gain and the RB/INTS6 loss, but also important differences 
such as the chromosome 10 gain in mouse Brca2∆/∆;p53∆/∆ tumors and the 3q gain in 
human BRCA1-mutated tumors. A reason for this could be that tumor development 
in our mouse models is an accelerated version of the relatively slow process of breast 
tumorigenesis in humans. Simultaneous and homozygous deletion of the mouse 
Brca1, Brca2 and p53 genes induces rapid cellular transformation, whereas human 
germline BRCA1 and BRCA2 mutations are initially heterozygous (32, 33). Human 
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 7TP53 mutations are somatic and can be acquired in myriad different ways, possibly 
resulting in different phenotypes (34). In addition, differences in organization of 
the mouse and human genome and/or differences in mouse and human mammary 
gland biology may result in selection of other regions and genes during mammary 
tumorigenesis. These differences should be taken into account when using mouse 
models for preclinical studies. 
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Table 2. Regions identified by cross-species comparative-KC-SMART analysis. Genes in regions found 
by cross-species comparative-KC-SMART analysis (Figure 3). a. Genes that map to differentially 
recurrent CNAs that overlap in both mouse Brca1Δ/Δ;p53Δ/Δ vs. p53Δ/Δ mammary tumors and human 
BRCA1-mutated vs. control breast tumors. b. Genes mapping to differentially recurrent CNAs that 
overlap between mouse Brca2Δ/Δ;p53Δ/Δ vs. p53Δ/Δ mammary tumors and BRCA2-mutated vs. control 
breast tumors. Only regions with more than one orthologous gene are included. For a complete list see 
Supplementary Table 4.

Annotated/Putative Oncogenes in Region

Chr. Start (Mb) End (Mb) Chr. Start (Mb) End (Mb) H M pair strand peak location of KSE curves: blue: human, red: mouse

Gains 1 67.40 68.07 6 66.95 67.42 5 5 5 -1 IL23R, IL12RB2, SERBP1, GADD45A, GNG12
166.93 168.31 1 165.62 166.66 14 14 14 -1 ATP1B1, BLZF1, F5, SELP, SELL, SELE

6 56.43 57.62 1 33.40 34.25 6 6 6 -1 DST, ZNF451, BAG2, RAB23, PRIM2
7 100.52 102.09 5 136.37 143.49 25 21 28 -1 SERPINE1, AP1S1, VGF, RABL5, CUX1,  ALKBH4, 

AC105052.3-2
125.87 142.43 6 27.23 41.70 107 109 109 ARF5, PAX4, SND1, LRRC4, LEP, IMPDH1, CCDC136, 

IRF5, TNPO3, SMO, AHCYL2, NRF1, UBE2H, ZC3HC1, 
MEST, COPG2, MKLN1, PODXL, EXOC4, AKR1B1, 
AKR1B10, BPGM, CALD1, NUP205, PTN, DGKI, CREB3L2, 
TRIM24, KIAA1549, HIPK2, RAB19, ADCK2, BRAF, 
TAS2R38, EPHB6, TRPV6

149.90 150.19 6 48.61 48.86 7 11 11 1 GIMAP4, TMEM176A
8 117.73 120.03 15 51.62 54.11 9 9 9 1 EIF3H, RAD21, EXT1, TNFRSF11B
12 0.17 2.68 6 118.56 121.33 16 16 16 -1 JARID1A, B4GALNT3, RAD52, ERC1, WNT5B, ADIPOR2

9.80 18.78 6 129.23 140.01 66 90 103 1 CD69, CLECK12A, CLEC1B, CLEC7A, AC022075.29, 
STYK1, CSDA, BCL2L14, LRP6, LOH12CR1, CREBL2, 
GPR19, CDKN1B, DDX47, GPRC5A, EMP1, GRIN2B, 
GUCY2C, ARHGDIB, RERG, PTPRO, EPS8, STRAP, 
MGST1, LMO3, PLCZ1

13 102.05 102.35 1 43.88 44.16 7 7 7 1 ERCC5

Losses 4 103.77 105.64 3 134.17 135.51 7 7 7 -1 MANBA, UBE2D3, NHEDC2, BDH2, CENPE, CXXC4
123.75 129.43 3 37.41 41.18 15 16 16 1 FGF2, NUDT6, FAT4, HSPA4L, PLK4
159.27 163.30 3 76.16 80.03 9 9 9 -1 PPID, RAPGEF2

5 50.00 58.18 13 111.18 118.14 31 31 31 -1 ITGA1, ITGA2, FST, HSPB3, ESM1, CCNO, DHX29, 
PPAP2A, DDX4, IL31RA, IL6ST, MAP3K1, PLK2, RAB3C

102.91 108.55 17 58.68 63.82 4 4 4 1 EFNA5, FER
119.83 129.55 18 51.24 59.54 30 30 30 1 LOX, CSNK1G3, ZNF608,  ALDH7A1, SLC12A2
147.63 148.74 18 61.81 62.74 11 11 11 -1 SPINK7, FBXO38, ADRB2

12 53.96 61.83 10 121.85 129.14 100 113 113 -1 ITGA7, BLOC1S1, CD63, GDF11, SARNP, DNAJC14, 
MMP19, DGKA, SILV, CDK2, RAB5B, ERBB3, PA2G4, 
SMARCC2, RNF41, OBFC2B, CS, IL23A, STAT2, 
TIMELESS, GLS2, PTGES3, RDH16, ZBTB39, MYO1A, 
STAT6, LRP1, INHBC, GLI1, ARHGAP9, DDIT3, PIP4K2C, 
GEFT, B4GALNT1, OS9, TSPAN31, CDK4, CYP27B1, 
FAM119B, CTDSP2, XRCC6BP1, LRIG3, SLC16A7, PPM1H

86.90 87.50 10 99.45 100.05 5 5 5 -1 KITLG
94.86 103.06 10 82.18 92.97 39 39 39 -1 LTA4H, PCTK2, TMPO, SCYL2, NR1H4, UTP20, ARL1, 

SPIC, CHPT1 AC084398.25-1, IGF1, ASCL1, NT5DC3, 
TDG, NFYB

14 51.80 57.69 14 43.77 48.70 34 34 34 1 PTGER2, ERO1L, BMP4, CDKN3, CGRRF1, GCH1, 
MAPK1IP1L, LGALS3, DLGAP5, FBXO34, KTN1, PELI2, 
OTX2

15 49.76 50.87 9 74.65 75.47 13 13 13 -1 TMOD2, TMOD3, BCL2L10, GNB5, ONECUT1
X 53.98 56.61 X 146.86 148.84 16 16 16 1 FGD1, MAGED2, TRO,  APEX2, MAGEH1 , KLF8

57.63 65.78 X 90.98 93.58 13 12 13 1 ARHGEF9, FAM123B, ZC4H2, MSN, EDA2R
68.64 74.06 X 96.02 100.40 41 41 41 1 EDA, ARR3, KIF4A, DLG3, FOXO4, IL2RG, GJB1, NONO, 

TAF1, OGT, CXCR3, ERCC6L, CITED1, HDAC8, CHIC1, 
RNF12

113.72 114.37 X 142.21 142.76 3 3 3 1 IL13RA2

Annotated/Putative Oncogenes in Region

Chr. Start (Mb) End (Mb) Chr. Start (Mb) End (Mb) H M pair strand peak location of KSE curves: blue: human, red: mouse

Losses 13 40.40 48.68 14 71.27 78.32 42 43 42 -1 C13orf15, AKAP11, TNFSF11, EPSTI1, DNAJC15, 
TSC22D1, SPERT, CPB2, LCP1, HTR2A, ITM2B, RB1, 
P2RY5, RCBTB2

48.72 51.23 14 58.51 61.91 17 18 18 1 PHF11, RCBTB1, ARL11, KPNA3, TRIM13, KCNRG, 
RNASEH2B, INTS6

52.12 52.52 14 78.32 78.76 4 4 4 1 PCDH8, OLFM4
57.10 60.90 14 83.25 87.32 4 4 4 1 no cancer related genes in region

Human Mouse Orthology

Table 2a. BRCA1

Human Mouse Orthology

Table 2b. BRCA2
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English Summary 

Breast cancer is the most common malignancy in western women, who have a 
greater than 12.7% life time risk of developing this disease. In 2007, an estimated 
1.3 million new cases were diagnosed world wide, and 0.4 million breast cancer 
patients died of the disease. Like all cancers, breast cancer is not only caused by 
point mutations and small insertions/deletions but also by genomic rearrangements 
such as translocations, regional deletions/amplifications or by gain or loss of whole 
chromosome arms. These genomic rearrangements can cause alterations in cellular 
proliferation and survival pathways, which can result in unscheduled cell growth, 
invasion of surrounding tissues and ultimately metastatic cancer. Therefore, it makes 
sense to analyze tumors for recurrent DNA rearrangements and the impact this 
might have on gene expression, subsequent protein expression and cell functionality. 
DNA copy number changes are assessed with comparative genome hybridization 
(CGH), in which the copy numbers of specific sequences of the tumor DNA are 
compared with DNA of normal tissue. With the development of array-based CGH 
(aCGH) technology it has become possible to analyze in a single experiment and 
with high resolution the entire genome for DNA copy number alterations (CNAs). 
Genomic loci that are repeatedly mutated during cancer development, i.e. that 
occur in multiple independent tumors, might harbor genes important for tumor 
development. Identification of new cancer genes could lead to the identification of 
novel candidate drug targets. To identify these recurrent CNAs, we have developed a 
new method, KC-SMART, which analyzes aCGH data from a group of tumors and 
detects CNAs that occur significantly more often within the group than expected by 
chance (Chapter 2). 

Since cancer development is driven by genomic alterations, mutations in genes 
involved in safeguarding genomic integrity can confer an increased overall cancer 
risk. Indeed, carriers of germline mutations in specific genes involved in DNA repair 
mechanisms and cell cycle control have an increased risk of developing breast cancer. 
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Approximately half of all hereditary breast cancers involves BRCA1 or BRCA2 
mutations. Recent estimates of breast-cancer risk by the age of 80 years are 90% for 
BRCA1-mutation carriers and 41% for BRCA2-mutation carriers. Both BRCA1 and 
BRCA2 have indispensable functions in homologous recombination (HR) repair, 
an error-free DNA repair mechanism to fix double-strand breaks (DSB). Cells with 
non-functional BRCA1 or BRCA2 revert to error-prone non-homologous end 
joining (NHEJ) or single-strand annealing (SSA), resulting in genomic instability 
and ultimately tumorigenesis. Breast cancers from BRCA1-mutation carriers are 
associated with a young age of onset, with high tumor grade, with TP53 mutations 
and with an undifferentiated basal-like phenotype. Breast cancers of BRCA2-
mutation carriers are also associated with a young age of onset, but to a lesser extent 
than BRCA1-mutation carriers. In contrast to BRCA1-mutated tumors, BRCA2-
mutated breast cancers are not of any specific tumor type.
We compared the genomic aberrations from tumors in BRCA1- and BRCA2-
mutation carriers with a set of non-hereditary (sporadic) breast tumors. To detect 
differences in recurrent CNAs in BRCA1- or BRCA2-mutated tumors vs. sporadic 
tumors, we developed comparative-KC-SMART, an algorithm that detects recurrent 
CNAs that occur more often in one tumor group compared to another group 
(Chapter 3). Using this approach, we found that aCGH profiles of BRCA1-mutated 
tumors were markedly different from those of BRCA2-mutated tumors, which 
resembled sporadic tumors. The differentially recurrent CNAs in these tumor groups 
could represent driver mutations that specifically collaborate with either BRCA1- or 
BRCA2 loss-of-function in tumorigenesis. Alternatively, they might harbor cancer 
genes that are specific for malignant transformation of basal vs. luminal mammary 
epithelial cells.

Somatic TP53 mutations occur in approximately half of all human cancers including 
breast cancers. The TP53 protein is an essential tumor suppressor: if DNA gets 
damaged or if overexpression of oncogenes drives unscheduled cell proliferation, 
wild type TP53 is activated and can initiate programmed cell death, apoptosis. By 
preventing sustenance of a mutated genome, TP53 prevents tumor development. 
For this reason, there is a strong selection pressure to mutate TP53 during tumor 
development. The most common TP53 mutations are so called “hotspot mutations”, 
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missense mutations that mostly reside in the TP53 DNA binding domain and cause 
aberrant TP53 folding. Basal-like breast cancers (BLBC), a subgroup of breast cancers 
that does not express the estrogen-receptor (ER), the progesterone receptor (PR) or 
the HER2 receptor, are associated with an undifferentiated phenotype and with a high 
frequency of TP53 mutations. Interestingly, we have found that all BRCA1-mutated 
tumors, which are HR deficient and have a BLBC phenotype, are TP53 mutated, 
whereas approximately half of all sporadic tumors is TP53 mutated. Moreover, we 
found that this increase of TP53 mutations was due to a specific increase in protein-
truncating TP53 mutations. This suggests that survival of HR deficient cells depends 
on TP53 mutation, or that the genomic instability caused by HR deficiency causes 
an increase in insertions and deletions in the TP53 gene (Chapter 4). 

Intriguingly, we found that the majority of non-hereditary BLBCs were also TP53 
mutated, which was again due to an increase in truncating TP53 mutations (Chapter 
5). In case the HR deficiency of BRCA1-mutated tumors is responsible for the 
occurrence of truncated TP53 mutations, then it is likely that sporadic BLBCs with 
truncated TP53 mutations are also HR defective. If HR deficiency does not underlie 
the increase in truncated TP53 mutations, then it is possible that the increased 
selection pressure for TP53 mutation in undifferentiated basal mammary epithelial 
cells might allow for more extreme TP53 mutations.

In order to obtain better, safer, more effective and more individualized treatments 
for cancer it is important to invest in the discovery of new cancer genes which can 
serve as potential druggable targets. Because BRCA1- and BRCA2-mutation give 
rise to an increased risk of breast cancer, mouse models with targeted mutations in 
these genes could be ultimate tools to study the specific genomic and phenotypic 
changes required for breast cancer development in vivo. For this reason we have 
developed conditional mouse models for BRCA1-mutated breast cancer (Chapter 6) 
and BRCA2-mutated breast cancer. These mouse models have tissue-specific deletion 
of Brca1 or Brca2 in combination with Trp53 deletion in epithelial tissues including 
mammary gland and develop “spontaneous” Brca1∆/∆;p53∆/∆ and Brca2∆/∆;p53∆/∆ 
mammary tumors. Interestingly, both mouse and human BRCA1-mutated tumors 
skew towards basal-like carcinomas suggesting that BRCA1 loss but not BRCA2 
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loss may block cellular differentiation as suggested previously, or alternatively, that 
BRCA1 loss is only tolerated in undifferentiated, basal mammary epithelial cells.

We found that Brca1 or Brca2 loss in combination with Trp53 loss aggravated the 
abnormalities in the aCGH profile of Trp53 tumors, but also gave rise to certain 
Brca1 and Brca2 specific CNAs. We have used aCGH data from these mammary 
tumors as a filter for identifying genes that represent strong candidates for a role in 
human BRCA1- and BRCA2-related breast cancer development. The phenotypic 
resemblance of mouse and human BRCA1- and BRCA2-mutated tumors is only 
partly reflected by the genotypic resemblance. We find some important similarities 
between aCGH profiles of mouse and human cognate cancers, such as the MYC gain 
and the RB/INTS6 loss, but also important differences. These differences might be due 
to the fact that tumor development in our mouse models is a fast, accelerated version 
of the relatively slow process of breast cancer development in humans. Also, besides 
differences in genomic organization, differences in mouse and human mammary 
gland biology may result in selection of other regions and genes during mammary 
tumorigenesis in both species. These differences should be taken into account when 
using mouse models for preclinical studies (Chapter 7).
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Nederlandse Samenvatting

In de westerse wereld hebben vrouwen naar schatting 12,7% kans in hun leven 
borstkanker te krijgen, waarmee deze ziekte de meest voorkomende maligniteit 
onder vrouwen is. In 2007 werden er in Amerika, naar schatting, 1,3 miljoen nieuwe 
borstkankerpatiënten gediagnostiseerd en overleden er 0,4 miljoen vrouwen aan 
deze ziekte. Borstkanker wordt, zoals de meeste kankersoorten, veroorzaakt door 
veranderingen in het DNA. Het DNA is de drager van de genen en de mate 
waarin deze actief zijn, bepaalt welke eiwitten in een cel aanwezig zijn en in welke 
hoeveelheden deze eiwitten in die cel voorkomen. De activiteiten van de eiwitten 
die tot expressie komen in een cel bepaalt de functie van een cel. Veranderingen 
in het DNA kunnen daarom tot gevolg hebben dat bepaalde eiwitten overactief 
dan wel inactief worden, waardoor fouten kunnen ontstaan in de aansturing van 
celdeling of van celoverleving. Een bepaalde cel kan daardoor ongeremd gaan delen, 
beter overleven en zelfs binnendringen in omliggende weefsels. Dit kan leiden tot 
tumorgroei en tot ontwikkeling van uitzaaiingen (metastases). 

Analyse van tumor DNA
Het DNA van een tumor bevat niet alleen kleine veranderingen van een of enkele 
baseparen (puntmutaties), maar ook grote veranderingen zoals vermeerdering of juist 
verlies van hele stukken DNA of zelfs hele chromosomen. Naarmate er meer kopieën 
van dat stuk DNA aanwezig zijn, zal er doorgaans meer genproduct worden gevormd. 
Het is daarom van belang te onderzoeken welke stukken DNA verdwenen zijn of 
juist vaker voorkomen in het DNA van de tumor. Men kan dit meten door het DNA 
in de tumor te vergelijken met het DNA uit normaal weefsel. Deze techniek heet 
“vergelijkende genoom hybridisatie” (comparative genomic hybridization, CGH) en 
veranderingen in het aantal kopieën van een stuk DNA noemen we CNA’s, (copy 
number alterations). De ontwikkeling van array-CGH, waarbij deze vergelijkende 
analyse op een DNA chip wordt gedaan, maakt het mogelijk om alle CNA’s in het 
DNA van een tumor te bepalen.
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CNA’s die voorkomen in tumoren van meerdere patiënten kunnen genen dragen 
die belangrijk zijn voor het ontwikkelen van die tumoren. Het ontdekken van deze 
genen kan daarom leiden tot de ontwikkeling van nieuwe medicijnen tegen kanker. 
Om te bepalen welke CNA’s in meerdere tumoren voorkomen hebben wij een 
rekenmethode ontwikkeld die we KC-SMART hebben genoemd. KC-SMART 
kan CGH profielen van een hele groep tumoren analyseren en CNA’s detecteren 
die binnen een tumor groep significant vaker voorkomen dan op basis van toeval 
waarschijnlijk is (Hoofdstuk 2).

Erfelijke borstkanker: BRCA1 en BRCA2
Omdat tumorgroei wordt veroorzaakt door veranderingen in het DNA, hebben mensen 
met erfelijke veranderingen (mutaties) in genen die tumorvorming onderdrukken 
(de zogeheten tumor suppressor genen) een verhoogde kans om kanker te krijgen. 
Zo zijn erfelijke mutaties in de BRCA1 en BRCA2 genen betrokken bij ongeveer de 
helft van alle erfelijke borstkankers. Volgens recente schattingen hebben draagsters 
van een mutatie in het BRCA1-gen gemiddeld 90% kans om voor hun 80e levensjaar 
borstkanker te krijgen. Voor vrouwen met een mutatie in het BRCA2 gen bedraagt 
dit risico gemiddeld 40%. Borsttumoren in BRCA1 mutatiedraagsters ontstaan vaak 
al op jonge leeftijd, voor de menopause, zijn meestal hooggradig, en de tumoren zijn 
meestal van een basaloid, ongedifferentieerd cel type met een gemuteerd TP53 gen. 
BRCA2 mutatiedraagsters krijgen ook borsttumoren op jongere leeftijd, maar dit 
effect is minder sterk dan bij BRCA1 mutatiedraagsters. Bovendien hebben BRCA2-
geassocieerde borsttumoren niet het specifieke ongedifferentieerde basaloide celtype 
dat de BRCA1-geassocieerde borsttumoren kenmerkt.

De BRCA1 en BRCA2 eiwitten zijn nodig voor het foutloos repareren van DNA 
breuken door middel van homologe recombinatie (HR). Cellen die geen BRCA1 of 
BRCA2 meer hebben kunnen geen gebruik meer maken van deze HR, en moeten 
daarom gebruik maken van andere reparatie mechanismen zoals “non-homologous 
end-joining” (NHEJ) of “single-strand annealing” (SSA). Deze mechanismen 
functioneren vaak onvoldoende tijdens het reparatie proces, waardoor cellen zonder 
BRCA1 of BRCA2 een verhoogde kans hebben op het ontwikkelen van DNA 
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afwijkingen die leiden tot het ontstaan van een tumor.

Wij hebben de veranderingen in het DNA van BRCA1- en BRCA2-geassocieerde 
borsttumoren vergeleken met het DNA van niet-erfelijke, ofwel sporadische 
borsttumoren. Hiervoor hebben wij een tweede rekenmethode ontwikkeld die we 
comparative-KC-SMART hebben genoemd omdat we met deze methode CNA’s 
kunnen detecteren die vaker voorkomen in een bepaalde tumor groep dan in een 
andere groep (Hoofdstuk 3). We zagen dat de CNA’s in BRCA2-geassocieerde 
tumoren sterk leken op de CNA’s in sporadische tumoren. De CNA’s in BRCA1-
geassocieerde borsttumoren verschilden echter sterk van de CNA’s in BRCA2-
geassocieerde tumoren. Deze verschillen kunnen erop wijzen dat er tijdens de 
tumorvorming specifieke mutaties samengaan met BRCA1 verlies, en weer andere 
mutaties met BRCA2 verlies. Een andere mogelijkheid is dat het verschil in celtype 
waarin de tumor is ontstaan de oorzaak is van het verschil in tumor DNA profielen.

TP53 mutaties in borstkanker
Ongeveer de helft van alle humane tumoren, waaronder borsttumoren, heeft 
een mutatie in het TP53 gen. Het TP53 eiwit is van essentieel belang bij het 
onderdrukken van tumorvorming. Als een cel DNA schade oploopt of abnormale 
groeisignalen ontvangt, wordt het TP53 eiwit geactiveerd en wordt de celdeling 
stilgelegd om de DNA schade te repareren. Bij onoplosbare problemen zet het TP53 
eiwit een “zelfdestructie” programma in werking om te voorkomen dat de ontregelde 
cel uitgroeit tot een tumor. Het is dus niet verwonderlijk dat er tijdens de tumor 
ontwikkeling een enorme selectiedruk ligt op inactiverende mutaties in het TP53 
gen zelf, of op mutaties in andere genen die tot TP53 inactivering leiden. De meest 
voorkomende TP53 mutaties zijn zogenaamde “hotspot” mutaties die voornamelijk 
in het DNA-bindende deel van het TP53 gen optreden en tot foutieve vouwing van 
het TP53 eiwit leiden.

Een subgroep van borsttumoren, de “drievoudig negatieve” borsttumoren (TNBCs) 
oftewel basaalachtige borsttumoren (BLBC), bevat noch oestrogeenreceptoren, 
progestageenreceptoren noch HER2-receptoren. Wij vonden dat alle BRCA1-
geassocieerde borsttumoren (die allemaal homologe recombinatie (HR) deficiënt zijn 
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en voor 80% uit BLBCs bestaan) een TP53 mutatie hebben, terwijl ongeveer de helft 
van alle sporadische tumoren een TP53 mutatie heeft. Dit verhoogde aantal TP53 
mutaties in BRCA1-geassocieerde tumoren werd niet veroorzaakt door een toename 
in TP53 “hotspot” mutaties maar door een verhoogd aantal eiwit-truncerende TP53 
mutaties. Dit suggereert dat overleving van HR-deficiënte tumoren afhankelijk is 
van een TP53 mutatie, of dat de genomische instabiliteit in HR deficiënte tumoren 
de kans op TP53 mutaties vergroot (Hoofdstuk 4).

Vervolgens zagen we dat nagenoeg alle niet-erfelijke BLBCs ook een TP53 mutatie 
hebben, en dat ook deze toename werd veroorzaakt door een verhoogd aantal eiwit-
truncerende TP53 mutaties (Hoofdstuk 5). Als er inderdaad een verband bestaat 
tussen HR deficiëntie en het verhoogde aantal eiwit-truncerende TP53 mutaties, 
ondersteunt dat ons concept dat veel van de sporadische BLBCs ook een HR 
deficiëntie hebben. We kunnen ecther niet uitsluiten dat er een ander, wellicht zelfs 
direct verband bestaat tussen TP53 mutatie en BLBC.

Erfelijke borstkanker in de muis
Om effectievere, veiligere en meer op de patiënt toegespitste behandelings methoden 
voor borstkanker te ontwikkelen, is het belangrijk om nieuwe kanker gerelateerde 
genen te ontdekken die als richtpunt kan fungeren voor een doelgerichte therapie 
tegen kanker. We kunnen niet alleen nieuwe borstkankergenen proberen te ontdekken 
in humane tumoren, maar we kunnen hiervoor ook gebruik maken van genetisch 
gemodificeerde muizen die tumoren ontwikkelen die sterk lijken op borsttumoren 
bij de mens.
Om de rol van BRCA1 en BRCA2 verlies in borstkanker ontwikkeling te bestuderen, 
hebben we via genetische modificatie muizen ontworpen die Brca1-gemuteerde 
(Hoofdstuk 6) en Brca2-gemuteerde borsttumoren ontwikkelen. Deze muizen 
hebben een mutatie in het Brca1 dan wel in het Brca2 gen, in combinatie met een 
mutatie in het Trp53 gen. Deze mutaties ontstaan alleen in bepaalde epitheel weefsels 
waaronder het epitheel van de mammaklier. Deze muizen ontwikkelen “spontane” 
Brca1∆/∆;p53∆/∆ en Brca2∆/∆;p53∆/∆ mammatumoren. Net als bij de mens zijn veruit 
de meeste BRCA1-deficiënte muizentumoren basale epitheelcel carcinomen. Dit 
suggereert dat BRCA1 verlies (maar niet BRCA2 verlies) het differentiatieproces 
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van een basale epitheelcel blokkeert. Een andere mogelijkheid is dat BRCA1 verlies 
alleen wordt getolereerd in ongedifferentieerde basale epitheelcellen.

DNA mutaties in borsttumoren van mens en muis
In de muizen zagen we dat mammatumoren met Brca1 of Brca2 verlies in combinatie 
met Trp53 verlies meer CNA’s bevatten dan de tumoren met alleen Trp53 verlies. Het 
patroon van de CNA’s was echter voor alle tumorgroepen grotendeels gelijk. Slechts 
een beperkt aantal CNA’s kwam alleen voor in de BRCA1-deficiente of BRCA2-
deficiente muizentumoren. 

Wij hebben de aCGH data van de muizentumoren gebruikt als een filter voor 
de aCGH data van de humane tumoren, omdat de overeenkomstige CNA’s een 
representatie zouden kunnen zijn van de DNA regio’s met genen die belangrijk 
zijn voor de ontwikkeling van BRCA1 of BRCA2 gemuteerde tumoren in zowel de 
mens als de muis. Hoewel de fenotypische eigenschappen van de muizentumoren 
en de humane tumoren heel goed overeenkwamen, was dit maar deels het geval 
voor de CNA’s. Naast een aantal belangrijke overeenkomsten, zoals amplificatie van 
de MYC regio en verlies van de RB/INTS6 regio, zagen we ook een groot aantal 
belangrijke verschillen. Deze verschillen zouden veroorzaakt kunnen worden doordat 
tumorvorming in de genetisch gemodificeerde muizen een veel snellere versie is van 
de veel langzamere tumor ontwikkeling bij de mens. Afgezien van verschillen in de 
organisatie van de chromosomen tussen mens en muis, kunnen verschillen in de 
biologie van de muizen mammaklier en de humane borstklier leiden tot selectie druk 
op mutaties in andere regio’s. Met deze verschillen moet rekening gehouden worden 
als men muismodellen gebruikt in preklinische studies (Hoofdstuk 7).
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