[CANCER RESEARCH 62, 7110 –7117, December 1, 2002]

Molecular Classification of Breast Carcinomas by Comparative Genomic
Hybridization: a Specific Somatic Genetic Profile for BRCA1 Tumors1
Lodewyk F. A. Wessels, Tibor van Welsem, Augustinus A. M. Hart, Laura J. van’t Veer, Marcel J. T. Reinders, and
Petra M. Nederlof2
Information and Communication Theory Group, Faculty of Information Technology and Systems, Delft University of Technology, Delft [L. F. A. W., M. J. T. R.], and Departments
of Pathology [T. v. W., P. M. N., L. J. v. V.] and Radiotherapy [A. A. M. H.], the Netherlands Cancer Institute, Amsterdam, the Netherlands

ABSTRACT
In ⬃70% of the families with a high frequency of early-onset breast
and/or ovarian cancer, BRCA1 or BRCA2 germline mutations cannot be
identified with the current screening regime. Therefore, we used data
mining to identify a somatic genetic signature to differentiate BRCA1
mutation carriers from non-BRCA1 carriers based on the genetic characteristics of their breast carcinomas.
For this purpose, we developed a molecular classifier, which assigns a
given tumor to either the BRCA1 or control group based on somatic
genetic profiles as revealed by comparative genomic hybridization. This
was performed on breast tumors selected from two groups of patients: 28
proven BRCA1 germline mutation carriers; and a control group consisting
of 42 breast tumors from patients with unknown BRCA1 or BRCA2 status.
We show that BRCA1 breast carcinomas exhibit specific somatic genetic aberrations and can be distinguished from control tumors with an
accuracy of 84% (sensitivity of 96% and specificity of 76%). Chromosomal bands used by this classifier include regions on chromosomes 3p,
3q, and 5q. The classifier miss-assigned one patient with a BRCA1 mutation to the non-BRCA1 class. The germline mutation in this patient is a
62bp deletion in the last exon of BRCA1 (5622del62). Possibly, this mutation may give a different phenotypic effect than do mutations in other
regions of the gene.
Validation on an independent set of BRCA1 and sporadic tumors
showed that the BRCA1 classifier correctly identified all 6 BRCA1 tumors
and assigned 4 of the 19 control patients to the BRCA1 class. The resulting
accuracy on the validation set is 84%.

INTRODUCTION
Germline mutations in BRCA1 or BRCA2 confer an estimated
cumulative risk of developing breast cancer by age 70 years of
56 – 84% (up to 50% by age 50 years) and a 15– 65% increased
cumulative lifetime risk of ovarian cancer. The range in risk estimates
depends on whether the group analyzed is a sample of communitybased breast cancer patients with only a limited number of (Ashkenazi
Jewish) mutations evaluated or is composed of large selected highrisk breast cancer families extensively tested for BRCA1 and BRCA2
(1, 2). Their risk for contralateral breast cancer is ⬃1– 4% per annum
depending on the age at the primary diagnosis, as compared with
0.5–1% observed for breast cancer patients without a breast cancer
family history (3, 4).
Candidates for genomic screening for BRCA1 and BRCA2 germline
mutations are usually selected based on a set of criteria including
family history, age of onset, and occurrence of ovarian carcinoma in
the family. At present, in ⬃30% of the families that fulfill these
criteria (⬃2200 families tested in the Netherlands), germline mutations are identified by the currently used genomic screening techReceived 2/18/02; accepted 9/25/02.
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niques (5, 6). The actual prevalence of BRCA1/BRCA2 mutation
carriers within this group, however, is expected to be higher, based on
BRCA linkage analysis. It is likely that particular mutations (e.g., in
the regulatory region) are undetected because not the complete gene
but only the coding sequence is usually analyzed.
Breast carcinomas from patients with a germline mutation in
BRCA1 or BRCA2 show some typical histopathological characteristics
(7–10). They are generally high grade and more frequently show an
atypical medullar-like appearance and “pushing margins,” and are
often estrogen receptor negative. However, no unique clinical and/or
histological profile by which BRCA1 or BRCA2 tumors can be identified has emerged.
In addition to the histopathological differences between BRCA1
tumors and sporadic breast tumors, genetic differences have been
reported that indicate that BRCA1 tumors may develop via a distinct
developmental pathway. More frequent loss of heterozygosity at chromosomes 2q, 4q, 5q, and 12q and more frequent and specific somatic
mutations in p53 have been reported (11).
These differences between BRCA1 tumors and sporadic tumors
motivated the development of a genome wide screening technique at
the somatic molecular level. In this paper, we describe how such a
screening technique can be designed by training a classifier to identify
potential BRCA1 mutation carriers within a group of breast carcinomas based on specific CGH3 marker regions. We used CGH to build
the classifier, because this technique allows the use of archival,
routinely formalin-fixed paraffin-embedded material, often the only
available material of affected deceased family members. Although
several recent CGH studies report on the genetic aberrations in sporadic breast tumors (12–19), only a single CGH study involved both
sporadic and BRCA1 tumors (20). Although a BRCA1 profile was
proposed, no classifier was constructed to distinguish between sporadic and BRCA1 tumors, and consequently no classification accuracy
was attached to the profile.
MATERIALS AND METHODS
Tumor Series
Breast tumors from patients were selected from the pathology paraffin
archive or the tissue-bank containing snap-frozen material, of the Netherlands
Cancer Institute; 28 breast carcinomas were from proven BRCA1 germline
mutation carriers, and 42 control breast carcinomas were from patients with
unknown BRCA1 or BRCA2 status. Five BRCA1 patients had bilateral breast
cancer (of which three were synchronous tumors) of whom both tumors were
analyzed. From the remaining seven BRCA1 patients with bilateral breast
cancer, we analyzed one tumor only. The control set includes 13 pairs of
primary tumors from patients with bilateral breast cancer; of these, 6 were
synchronous bilateral tumors. The seven asynchronous tumors had a mean
interval of six years between diagnosis. Seven patients had unilateral breast
cancer (Table 1). We chose a control group with a relatively large proportion
of bilateral tumors because we want to develop a classifier that will perform
well on tumors from high-risk families, where bilateral tumors are frequent.
3
The abbreviations used are: CGH, comparative genomic hybridization; VAF, variance accounted for; SBC, simple Bayesian classifier; LOOCV, leave-one-out-crossvalidation; ROC, receiver operator characteristic.
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Table 1 Clinicopathological characteristics of breast carcinomas from BRCA1
mutation carriers in comparison to control cancers

Clinical characteristics
No. of tumors analyzed
Patients with breast and ovarian carcinoma
Patients with bilateral breast carcinomas
Pairs of bilateral breast carcinomas analyzed
Mean age at diagnosis (range)
Histology
Invasive ductal carcinoma
Invasive lobular carcinoma
Other
Grade I
Grade II
Grade III
Immunohistochemistry
ER ⫹a
PR ⫹
Neu ⫹
Cyclin D1 ⫹
P53 ⫹
a

BRCA1

Control

28

42

3
12
5
40 (28–62)

9
22
13
51 (31–73)

28
0
0

35
2
5

0
6
22

3
20
19

12% (3/24)
17% (4/23)
0% (0/22)
0% (0/13)
41% (9/22)

57% (21/37)
44% (16/36)
11% (4/35)
15% (5/34)
26% (9/34)

ER, estrogen receptor; PR, progesterone receptor; Neu, HER2-neu; ⫹, positive.

The only disadvantage of this approach is that in our control group some
unidentified BRCA1 carriers may be present. As a result, the predicted performance may be underestimated.
All tumors were reviewed for histological type and grade, and immunohistochemistry was performed with antibodies directed against the estrogen
receptor, progesterone receptor, p53, Her2-neu and cyclin D1 (Table 1).

runs the risk of “overfitting” the data. The consequence is that the resulting
classifier performs very well on the collection of tumors used to develop it but
may frequently misclassify unseen tumors. To avoid such a situation, the
complexity of the data used by the classifier must be constrained intelligently.
This is achieved by changing the resolution, the representation, as well as the
number of regions used by the classifier. Suitable statistical techniques are
used to determine the optimal settings.
Resolution
The data are analyzed at different levels of resolution. At the arm resolution,
the ratio profile on a chromosome arm (p or q) is represented by a single value.
At the most detailed level (channel resolution), the ratio profile of a particular
tumor is represented as a set of 1716 values across the 23 chromosomes: 1
value per channel.
We developed an intermediate “band” resolution (different from the cytogenetic banding). To this end, we used a clustering approach to automatically
group neighboring channels into nonoverlapping bands. The band boundaries
are defined such that the channels in each band exhibit a high degree of
correlation with each other. The degree of correlation between the channels in
each band is characterized by the VAF. More specifically, the VAF reflects the
fraction of information that is retained in a band if all channels in that band are
represented by the mean ratio of all channels in that band. The VAF determines
the number of bands and thus the resolution obtained. By lowering the minimal
required level of the VAF per band, more channels can be included in a single
band without violating the VAF constraint, resulting in a lower resolution, i.e.,
fewer bands per chromosome. A particular banding, in which, for example,
85% of the information is retained, is represented by the label 0.85VAF. The
band regions are represented by a tag of the form X.Y, with X denoting the
chromosome, and Y the index of the band on the chromosome. The same
notation is used for the channel representation, with Y denoting the index of
the channel on the chromosome.

CGH Analysis
Genomic DNA was isolated from 4 ⫻ 10-m-thick sections of 52 paraffinembedded tumors using a commercially available genomic DNA extraction kit
(Qiagen). The only adaptation was the incubation of the sections in 1 M sodium
thiocyanate for 16 h at 37°C before proteinase K extraction. From 18 snapfrozen tumor samples and from peripheral blood lymphocytes of healthy
women (normal reference) DNA was extracted by proteinase K according to
standard protocols (14).
CGH was performed as described elsewhere (16). DNA was labeled by
nick-translation with biotin-dUTP for paraffin-extracted DNA or FITC-dUTP
for DNA from snap-frozen material and Texas Red-dUTP for reference DNA
extracted from lymphocytes.
Labeled reference DNA (250 ng) and labeled tumor DNA (400 ng), with
optimal fragment size of 300 –500 bp, together with 25 g of unlabeled human
Cot-I DNA was dissolved in 10.5 l of hybridization mixture consisting of
50% deionized formamide, 10% dextran sulfate, and 2⫻SSC. The DNA
mixture was denatured for 5 min at 75°C and incubated for 5 min on ice and
30 min at 37°C. Slides with normal metaphase chromosomes were denatured
for 3 min at 70°C-72°C in denaturation solution (70% formamide, 2⫻ SSC, pH
7). The slides were dehydrated in 70% (⫺20°C), 85%, and 100% ethanol and
air-dried. The probe mixture (10.5 l) was added to the denatured metaphase
spreads under a glass coverslip and allowed to hybridize in a moist chamber at
37°C for 72 h. Images were collected using a Zeiss microscope equipped with
a Photometrix cooled CCD camera. The CGH analysis was performed using
QUIPS software (Vysis, Inc., Downers Grove, IL) resulting in fluorescence
ratios across all chromosomes and dividing the total genome into 1716 equal
elements (channels). For each tumor, on average, six hybridization profiles
were measured for each chromosome. Ratios were then averaged across
hybridizations and used in the analysis.

Representation
Given a particular resolution, the profiles are represented by a single
variable per region (arm, band or channel). In this study, we used either
discrete or continuous values. At the arm resolution, complete arms (p or q) are
scored as gain (or loss) if the ratio exceeds 1.15 (or is below 0.85). Because
centromeres and telomeres generally show irreproducible results in CGH
analysis, they were excluded before discretization. If fewer than four consecutive channels showed a gain or loss (often the case at the telomeres), this was
considered to be because of noise and was ignored. These ratio and noise
thresholds were based on the results obtained with normal versus normal
hybridization (results not shown), and similar thresholds are generally used in
other published studies. Bands and channels are scored using the same thresholds. If no gain or loss occurs in a particular region, that region is scored as
normal. Discretization results in three possible discrete values, gain (G), loss
(L), or normal (N).
Continuous valued representations are defined as follows. The ratio values
produced by the CGH analysis are log transformed to obtain the channel
resolution representation. Averaging the ratio profile across the channels in a
band produces the band resolution representation. No continuous valued representation was defined at the arm resolution.
Building a Classifier

Construction of a classifier involves the following steps: (a) collection of a
suitable data set; (b) selection of a suitable classifier; and (c) optimization of
the classification performance by selecting an appropriate resolution, representation, and region set (21). The first step has already been discussed in the
previous sections. In the second step, we selected the SBC (22). We chose this
classifier because, firstly, it performed comparably with or better than several
other classifiers that were evaluated: logistic regression (see Ref. 23 for an
Data Preparation
elaborate comparison); the “See 5.0” classifier (24); and the nearest neighbor
Discrimination between potential BRCA1 mutation carriers and controls is classifier (21). Secondly, it is readily interpretable (25), and finally, it can be
based on carefully selected regions of the CGH profile. The specific pattern of used in both the continuous and discrete representations. In the continuous
aberrations exhibited by the BRCA1 tumors on these selected regions is defined
representation, a Parzen density estimator with gaussian kernels and a fixed SD
as the BRCA1 profile. Given that raw CGH profiles consist of a large set of of 0.2 was used. The SD of the kernel was estimated from the average SD of
channels (⬃1700) and that the data sets contain relatively few (70) tumors, one the hybridization profiles that were averaged to obtain the CGH profile of a
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patient. The prior probabilities of the BRCA1 and control classes were set to
0.6 and 0.4, respectively. (A ROC analysis is included in “Results” (Fig. 4),
from which it is clear that the optimal classifier is relatively insensitive with
respect to the exact settings of these parameters.)
The third step in the construction of the classifier involves the selection of
an appropriate representation, resolution, and region set. If the resolution and
representation are fixed, limiting the number of regions used during classification can further reduce the complexity of the classifier. The set of regions
(collection of arms, bands, or channels) that is best suited for the classification
task can be selected in different ways. We investigated two typical selection
approaches, “filtering” and “wrapping” (26). Both approaches generate a set of
regions, which maximizes classification performance. The selected set of
regions represents, for the given representation and resolution, the “genetic
hot-spots” on the CGH profile, i.e., positions on the genome that are crucial for
distinguishing potential BRCA1 patients from non-BRCA1 patients.
LOOCV
The selection of the representation, resolution, and region set is performed
based on the LOOCV performance of the classifier. LOOCV is used during the
training of a classifier to prevent “overtraining” of a classifier on the training
set (i.e., very good performance on the training set, whereas performance on
unseen tumors is poor). The procedure is as follows: given a training set of N
tumors, the first tumor in the training set, t1, is set aside (left out). Then the
classifier is trained on the remaining N-1 tumors and tested (cross-validated)
on the left out sample producing a score, s1, which is either 0 (incorrect tumor
class) or 1 (correct tumor class). Then sample t1 is inserted back into the
dataset and the next tumor, t2, is left out. A new classifier is trained on the
remaining N-1 tumors and tested on t2, producing a score, s2. This process is
repeated until every tumor in the dataset had the opportunity to be a left out
sample. The LOOCV score is then defined as the average score of all of the
individual classifiers: LOOCV score ⫽ 兺si/N. The LOOCV performance is a
realistic indicator of future performance of a classifier on unseen data and is a
widely used statistical technique.
Region Selection
Filtering. This approach involves two steps, and both steps are repeated for
every LOOCV iteration; i.e., both steps are performed on the set of tumors that
remains after the left out sample has been removed. During the first step, the
regions are ordered (from best to worst) based on a score that reflects how well
regions distinguish BRCA1 tumors from the control tumors. Two scoring
criteria were used: mutual information (27) for discrete representations; and
the Mann-Whitney U test for continuous representations.
After the regions are scored and ordered, the optimal set of regions to
include in the classifier is determined as follows. The process starts by training

Table 2 Significant chromosomal regions between BRCA1 and control tumors
Percentage of tumors from BRCA1 and control tumors with loss or gain of chromosome arms. Only chromosome arms with a significant difference (2, not corrected for
multiple sampling, P ⬍ 0.05) between the groups are listed.
Loss

BRCA1
(%)

Control
(%)

P

Gain

BRCA1
(%)

Control
(%)

P

3p
4p
5q
12q
16p
18q

61
64
82
54
32
54

31
38
40
26
12
26

0.014
0.032
0.001
0.020
0.038
0.020

3q
7p
8q
10p
12p
16p
17q

79
39
96
46
46
11
29

26
12
67
14
17
31
52

0.000
0.008
0.003
0.003
0.007
0.048
0.049

a classifier on the best scoring region and testing on the left out tumor. Then,
the next best scoring region is added, such that the classifier is trained and
tested on the top two scoring regions. This process of adding the next best
scoring region is continued until a definite peak in the LOOCV performance is
detected. The position of the peak indicates the optimal number of top scoring
regions to include in the final classifier. In other words, adding more regions
to the classifier does not further improve the classification performance.
Region scoring can also be used simply to detect regions where the BRCA1
and sporadic classes differ significantly. In this case, no classifier is constructed. To prevent the occurrence of false positives [because multiple tests
(one on each region) are performed] step-down resampling (28) was used to
produce a set of corrected Ps for the region scores.
Wrapping. In this approach, a particular set of regions is scored based on
their LOOCV classification performance (rather than using the mutual information or Mann-Whitney U test scores for the regions). We used a forward
selection approach (adding the single region that gives the largest immediate
improvement) to search the immense space of possible combinations of regions. To avoid overfitting the data, a double loop LOOCV training approach
is used. The inner LOOCV loop is used to select and evaluate the regions,
whereas the outer LOOCV is used to provide an independent performance
estimate. This approach is computationally intensive but selects regions that
optimize the LOOCV classification performance directly, rather than an indirect score.

RESULTS
Identification of Statistically Significant Regions. A series of 28
BRCA1 and 42 control breast carcinomas were analyzed by CGH. We
analyzed the obtained CGH profiles at various levels of resolution. In
Fig. 1, the percentage of tumors with a gain (ratio above 1.15) or loss

Fig. 1. Chromosomal aberrations. The percentage of tumors showing gain or loss at a specific
chromosomal location (evaluated at the channel
level) for the BRCA1 group (N ⫽ 28, black line)
and the control group (N ⫽ 42, gray line). Gray
shaded, difference between the groups. Significant
arms (2; P ⬍ 0.05) are listed in Table 2.
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Table 3 Significant regions at different levels of resolution
Summary of the chromosomal regions where the filtering criteria (mutual information
and U test) detected significant (adjusted for multiple sampling, P ⬍ 0.1) correlations with
the class labels (BRCA1 and control).
Discrete (Mutual information)
Total no.
of regions
Arm
Channel
Band 0.85VAF

41
1716
81

Continuous (U test)

Region

Adjusted P

Region

3q
10p
5.26–5.30

0.013
0.080
⬍0.10

Not applicable

3.1
3.5
5.2

0.015
0.002
0.009

3.83–3.98
5.27–5.50
3.2
3.5
5.2
5.3

Adjusted P

⬍0.10
⬍0.10
0.053
0.005
0.003
0.078

(ratio below 0.85) for each channel (1720 in total) along the chromosomes is depicted. The percentages for the BRCA1 (Fig. 1, black line)
and the control group (Fig. 1, gray line) are depicted with the light
gray areas representing the differences between the groups. When
tested individually, several chromosomal arms show a significant
difference (2; P ⬍ 0.05) between the groups (Table 2). At the
chromosome arm level, BRCA1 tumors showed more frequent loss of
3p, 4p, 5q, 12q, 16p, and 18q and gain of chromosome 3q, 7p, 8q, 10p,
and 12p. Control tumors showed more frequent gain of 16p and 17q.
As is apparent from Fig. 1, the loss or gain of chromosomal
material does not always span the complete chromosome arm; sometimes smaller regions, such as on 5q, are affected. For this reason, we
developed a method to increase the resolution (number of regions) by

creating bands consisting of channels with similar fluorescence ratios.
In Table 3, the chromosomal regions that harbor significant differences (adjusted for multiple testing; P ⬍ 10%) are given. Results for
both discrete data and continuous valued representations are presented, where mutual information and the U test were respectively
used as filtering criteria. No effort was made to classify with these
regions; this is described in “Building a Classifier.” Table 3 only lists
results for the 0.85VAF banding, because it was found to be the best
scoring banding. From the results, we note that for all levels of
resolution, for both the continuous and discrete representations, the
significant regions are on chromosomes 3 and 5, except for the arms
representation, where 10p is also significant. In Fig. 2 (top), the
positions of the regions on chromosomes 3 and 5 are indicated for the
arm, 0.85VAF banding, and channel resolutions.
Building a Classifier. Two approaches to select marker regions
were evaluated: wrapping and filtering. As filtering criteria we used
the U test and mutual information for continuous and discrete representations, respectively. In all cases, the SBC was used to perform the
classification on the selected regions. Table 4 lists the classifiers with
the best LOOCV classification performance and the associated region
sets. Results are listed for the different resolutions and the two
alternative representations. The region sets that were selected with
mutual information filtering gave consistently better results than the
regions produced by wrapping. The only exception is for the discrete
chromosomal arms resolution, where wrapping results in a classification performance of 79% whereas filtering reaches 73%. Secondly,

Fig. 2. Cytogenetic banding and 0.85VAF banding of chromosome 3 and 5. Top, statistically significant (adjusted P ⬍ 0.1)
chromosomal regions for the mutual information criterion indicated
as gray shaded areas for the arm (only 3q is shown and not 10p),
0.85VAF band, and channel resolution. Bottom, CGH ratio profiles
after classification of the 28 BRCA1 and 42 control tumors using
the BRCA1 classifier based on the 0.85VAF banding and discrete
representation. Ten controls were misclassified as BRCA1 (bottom).
Two horizontal lines at ratios of 0.85 and 1.15 delineate the range
associated with no genetic change. Vertical line, positions of centromeres.
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Table 4 Performance of BRCA1 classifiers
Summary of the best LOOCV performance and associated region sets for classification
of BRCA1 tumors. Results are shown for the wrapped discrete SBC, as well as for the
mutual information filtered SBC for both discrete and continuous representations. Only
region sets where limited variation occurred in the selected sets (across the LOOCV loops)
are listed.
Wrapped discrete SBC
Regions
Discrete representation
Arms
3q and 10p
Bandsa 3.5 and 5.2 and
(2.1 or 10.2 or 3.1)
Channels 11 regions
Continuous representation
Arms
Not applicable
Bandsa 9 regions
Channels Too computationally
expensive
a

Mutation information filtered SBC

Performance
(%)

Regions

Performance
(%)

79
77

3q and 10p
3.1 and 3.5 and 5.2

73
84

64

16 regions

67

67

Not applicable
3.5 and 5.2
5.31 and 5.32

76
77

0.85VAF bands.

the discrete representation consistently resulted in better performance
than the continuous representation, except for the channel resolution.
Finally, the band resolution (relative to channel and arms resolution)
results in an improvement of the classification performance for the
discrete representation (0.85VAF being the best resolution) whereas
banding results in a decrease in performance for the continuous
representation.
The BRCA1 Profile. The best classifier is the SBC trained on
regions with a discrete representation selected from the 0.85VAF
banding with mutual information filtering. The best 0.85VAF regions
are bands 3.1, 3.5; and 5.2. (Fig. 2; Table 4). The BRCA1 profile
yielding the best classification performance is: [⫾3.1, ⫹3.5, ⫺5.2].
Fig. 3 depicts the a posteriori probabilities of these regions as they are
used in the discrete SBC. These histograms represent the probability
that a tumor is BRCA1 or control given the particular aberrations
observed in the tumor.
These histograms provide insight into the behavior of the derived
CGH profiles. More specifically, samples from the BRCA1 class
typically show more frequent gain or loss than samples from the
control class on band 3.1 (Fig. 3A). In addition, they show more
frequent gain on band 3.5 (Fig. 3B) and more frequent loss than the
controls on band 5.2 (Fig. 3C). This is also visible in the profile plots
in Fig. 2. Here, the individual profiles of the correctly classified
tumors for the BRCA1 and control groups are depicted, as well as the
10 control tumors that show a BRCA1 profile.
False Positive Analysis. For the best BRCA1 classifier, the ROC
was constructed. The result is depicted in Fig. 4. This curve is

obtained by varying the prior probability of the BRCA1 class (PB)
from 0 to 1 in small steps. The prior probability of the control class is
then given by PS ⫽ 1 ⫺ PB. The classifier associated with the settings
used in the study (PB ⫽ 0.6 and PS ⫽ 0.4) is indicated with a circle
in Fig. 4. The encircled position of the graph is, in fact, associated
with a whole set of classifiers obtained for values of PB ranging from
0.58 to 0.89. This indicates that the optimal classifier is relatively
insensitive to the exact setting of PB. The encircled position is
characterized by a relatively high false positive rate and a low falsenegative rate. In our particular screening application, this is a desirable situation, because very few patients with the BRCA1 mutation
will then be missed when the preselected set of patients is screened.
Consequently, a rigorous genetic screening (sequencing) can be used
to determine the carrier status.
Applying the BRCA1 classifier resulted in 10 false positives (control tumors classified as BRCA1) and one false negative (BRCA1
tumor classified as control). These are listed in the first column of
Table 5. The third column lists the a posteriori score produced by the
classifier, i.e., the probability that a tumor is BRCA1 given the
observed profile. The larger this score, the greater is the “confidence”
of the classifier in the class assignment. All false positives with a
score larger than 0.9 have at least two regions that correspond with the
BRCA1 profile, either a gain or loss at 3.1 and a gain at 3.5. None of
these cases shows loss of 5.2. The clinicopathological parameters of
the false positive and false negative samples are also listed in Table 5.
These parameters show little correlation with the false positive results.
Validation of the Classifier. To further validate the classifier, we
applied the classifier on a new set of tumors. We analyzed 6 BRCA1
and 19 control breast carcinomas. All tumors were grade 3 invasive
ductal carcinomas; mean age at diagnosis was 45 years (range, 29 –51)
for the sporadic (all unilateral patients) and 47 years for the BRCA1
(range, 31– 62) group.
The classification scores for the training and the validation sets are
depicted in Fig. 5. All six BRCA1 tumors are classified correctly. The
control group shows 4 of 19 tumors (21%) with a high score implying
a potential BRCA1 mutation. This is a similar percentage of false
positives as was found in the control training set (8/40 ⫽ 20%). The
overall classification accuracy for the validation set was 84%.
DISCUSSION
A Classifier Based on a Unique BRCA1 Profile. We showed that
BRCA1 breast carcinomas exhibit specific somatic genetic aberrations
and can be distinguished from control tumors with an accuracy of
84% on both the training and validation sets. Our goal is to use the
classifier to prescreen high-risk patients, who meet the inclusion

Fig. 3. A posteriori densities for the different regions for the best classifier. The distributions for the selected regions, bands 3.1, 3.5 and 5.2 (0.85VAF) are depicted in A, B, and
C, respectively. The a posteriori density histograms represent the probability that a tumor is BRCA1 or control given the particular aberration observed in the tumor. For example, for
a tumor with a gain of band 3.1, the a posteriori distribution (A) indicates that the probability that the tumor belongs to the BRCA1 class is high (0.75) and that it is low for the control
class (0.25).
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Fig. 4. ROC. The ROC for the best classifier (discrete SBC on selected 0.85VAF
regions) is given. The curve depicts, for every combination of prior probabilities of the
BRCA1 and control groups, the positive rate and the negative rate. The positive rate is
defined as the number of correctly classified BRCA1 tumors; the negative rate represents
the number of control tumors classified as BRCA1 tumors. 䡬, position of the optimal
classifier on the curve.

criteria for genetic screening in the context of counseling for hereditary breast cancer. In this group, we currently identify a BRCA1
mutation in ⬃30% of the patients, and we expect that an additional
10% of the patients may be BRCA1 mutation carriers. Because the
best classifier was trained on a population consisting of 40% BRCA1
patients, the makeup of the training data matches the makeup of the
population on which the classifier will be used.
The classification rule with the best performance was constructed
using a discrete representation and the 0.85VAF band level resolution.
Regions used by this classifier are situated on chromosomes 3p, 3q,
and 5q. More specifically, the classification rule uses the following
BRCA1 profile to identify BRCA1 tumors: [⫾3.1; ⫹3.5; ⫺5.2]. The
classifier classified 10 non-BRCA1 (24%) tumors as BRCA1 tumors.
New information on the BRCA1/2 status of two of the five false
positives with the highest score (⬎0.9) became available and showed
that one patient indeed has a BRCA1 mutation. Two other highscoring tumors are bilateral tumors from the same patient who also
developed an ovarian tumor and has a family history of breast cancer;
thus, although no mutation is known, this patient is highly likely to be
a BRCA1 carrier.
One high-scoring control patient had a BRCA2 mutation. This is not
completely surprising because BRCA1 and BRCA2 are interacting

proteins involved in the same pathway. Preliminary results show that
BRCA2 tumors indeed show specific genetic similarities with BRCA1
tumors on the regions used by the classifier (data not shown).
Even if all of the remaining false positives have no BRCA1 mutation, a classifier with a relatively high false positive rate (and low false
negative rate) is preferred, because it reduces the risk of missing a
patient with a BRCA1 mutation during a prescreening step. The set of
patients labeled by the classifier as potential BRCA1 mutation carriers
can then be subjected to a final phase of rigorous genetic screening.
The classifier misassigned one patient with a proven BRCA1 mutation to the non-BRCA1 class. Also, the immunohistochemical characteristics for this tumor are different (positive staining for estrogen
and progesterone receptors) compared with the majority of the BRCA1
tumors. The germline mutation in this patient is a 62-bp loss in the last
exon of BRCA1 (5622del62; involving the last 1% of the protein). One
possibility would be that this mutation gives a different phenotypic
effect compared with mutations in other regions of the gene. However, a tumor from another patient with the same germline mutation
showed the characteristic BRCA1 profile. This could implicate that the
tumor in this patient is actually a sporadic tumor in a BRCA1 patient,
which developed independent of the germline mutation. Interestingly,
the mRNA expression profile of this tumor was also distinct from the

Fig. 5. BRCA1 classification score. For each individual tumor of the training set and the
validation set (BRCA1 and control), the BRCA1 classification score as calculated using
the simple Bayes rule, is depicted. A high score indicates a high probability to belong to
the BRCA1 class. The percentage of tumors from each group that are classified to the
BRCA1 class is indicated.

Table 5 False positive analysis
Profile, classifier scores, and clinical parameters for the false positives and false negatives identified by the best classifier.
Tumor

Features 3.1, 3.5, 5.2

Classifier score

Age (1st, 2nd)

Ovarian tumor

Histological grade

PR status

ER status

Tumor type

False positives
1
2
3
4
5
6
7
8
9
10

[G,G,N]a
[G,G,N]
[G,G,N]
[L,G,N]
[L,G,N]
[N,G,N]
[N,G,N]
[L,N,N]
[L,N,N]
[L,N,N]

0.95
0.95
0.95
0.93
0.93
0.65
0.65
0.61
0.61
0.61

58
45,47
45,47
33,39
52,52
49,61
48,53
39,42
44,57
45,54

No
Yes
Yes
No
No
Yes
No
No
No
No

3
3
3
3
2
3
3
3
3
2

⫺
⫺
⫺
ND
⫹
⫺
⫺
⫺
⫺
⫹

⫺
⫺
⫺
ND
⫹
⫹
⫺
⫹
⫺
⫺

IDC
IDC
MP
IDC
ILC
IDC
MP
IDC
IDC
IDC

False negatives
11

[N,N,N]

0.17

35,46

No

2

⫹

⫹

IDC

a

[G,N,L], gain, normal, loss; ND, not done; ER, immunohistochemistry for estrogen receptor; PR, immunohistochemistry for progesterone receptor; IDC, invasive ductal carcinoma;
MP, metaplastic; ILC, invasive lobular carcinoma; Grade, histological grade.

7115

Downloaded from cancerres.aacrjournals.org on March 7, 2021. © 2002 American Association for Cancer
Research.

GENETIC PROFILING OF BRCA1 TUMORS

BRCA1 signature as determined by expression arrays (31), which
supports the hypothesis of a non-BRCA1 development pathway.
The Control Group. The selection of the patient and control group
has important consequences for the results obtained. The control
group used in this study contains a many patients with bilateral tumors
and five patients with additional ovarian carcinoma (Table 1). On the
one hand, one would like to match the control group as much as
possible to the group on which the classifier eventually will be used.
Therefore, bilateral tumors, ovarian tumors, and tumors from young
patients were included in the series. On the other hand, one cannot
easily exclude the possibility that the control group will contain
unidentified BRCA1 (or BRCA2) carriers. This indeed appeared to be
the case, and two carriers were identified in retrospect.
Comparison with a Previous Study. We showed that BRCA1
breast carcinomas exhibit distinctive somatic genetic aberrations that
allow the identification of BRCA1 carriers on the basis of this profile.
There is only one other paper that compares the somatic genetic
changes in BRCA1 tumors to control tumors (20). In this publication,
several chromosomal arms were indicated that show more frequent
aberrations in BRCA1 tumors. Some of these changes were confirmed
by our study, which is true for loss of 5q and 12q. However, we did
not find the more frequent losses of chromosome 4q and 2q. This
discrepancy probably occurs because in their control group the percentage of loss of chromosome 4 is extremely low. In other studies,
the percentage of loss of chromosome 4 in control breast carcinomas
is much higher, comparable with the frequency we find in our control
group. In contrast to this study, our goal was to go beyond the
identification of specific aberrations and to develop a classifier that
would allow identification of individual BRCA1 tumors within a
group of high-risk patients.
CGH Resolution. Our study indicates that the somatic genetic
changes in tumors from both BRCA1 and non-BRCA1 carriers frequently involve large regions of the chromosome. This implicates that
the analysis of somatic aberrations in breast carcinomas may not
improve by increasing the resolution of the applied technique. This
was confirmed by the fact that a banding with relatively broad bands
(0.85VAF) performed much better than a channel level representation.
We used a banding technique based on channel correlation that allows
optimal banding for analysis of CGH data. This method may be
applied to the CGH analysis of other tumor types as well, to allow
optimal banding based on the dataset.
Gene Expression Data. Some studies have recently emerged that
evaluate the expression profiles of BRCA1 tumors compared with
control tumors (29 –31). Although some of these studies used a few
tumors, all showed an expression pattern unique to BRCA1 tumors,
indicating a specific tumor development pathway. This is in accordance with the genetic profile we detected at the genome level. However, in clinical settings, frequently only formalin-fixed paraffinembedded material is available for analysis, and expression arrays
cannot be used. The possibility to analyze archival material has great
advantages. The classical CGH technique is, however, too time consuming for routine screening of many tumors. Therefore, we are now
designing a simple screening test using, e.g., CGH arrays (32), based
on the classifier developed in this paper.
CONCLUSION
In this paper, we addressed the problem of molecular classification
of breast cancer based on somatic genetic profiles revealed by CGH.
The following contributions were made: (a) we developed a profile
and classification rule with which tumors with a BRCA1 mutation can
be distinguished from control tumors with an accuracy of 84%. This
profile includes regions on chromosome 3p, 3q, and 5q; (b) we

performed a rigorous evaluation of two data analysis approaches for
selection of the optimal set of regions: wrapping and filtering. Statistical techniques such as LOOCV and step-down resampling were used
to assess the accuracy of the classifiers and the quality of selected
regions, respectively. We found that filtering was less prone to uninformative regions and therefore produced region sets that resulted in
higher classification accuracies; (c) we compared continuous and
discrete representations and found the latter to be superior; and (d) we
used a simple banding algorithm for grouping correlated channels into
bands and found that for the discrete representation, the resulting
resolution (0.85VAF banding) resulted in a 5% improvement in classification compared with the chromosomal arms resolution.
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