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Abstract Pooling of microarray datasets seems to be a
reasonable approach to increase sample size when a het-
erogeneous disease like breast cancer is concerned. Dif-
ferent methods for the adaption of datasets have been used
in the literature. We have analyzed influences of these
strategies using a pool of 3,030 Affymetrix UI33A
microarrays from breast cancer samples. We present data
on the resulting concordance with biochemical assays of
well known parameters and highlight critical pitfalls. We
further propose a method for the inference of cutoff values
directly from the data without prior knowledge of the true
result. The cutoffs derived by this method displayed high
specificity and sensitivity. Markers with a bimodal distri-
bution like ER, PgR, and HER2 discriminate different
biological subtypes of disease with distinct clinical courses.
In contrast, markers displaying a continuous distribution
like proliferation markers as Ki67 rather describe the
composition of the mixture of cells in the tumor.
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Introduction

Breast cancer is a heterogeneous disease of many different
subtypes. This is one of the reasons that large cohorts of
hundreds to thousands of patients are often needed to ana-
lyze treatment effects and the prognosis of specific sub-
groups [1-3]. In contrast, microarray datasets encompass
only tens to hundreds of samples because of the expenditure
and complexity of these analyses compared to standard
parameters like age, tumor size, or hormone receptor status.
Thus pooling of microarray datasets or meta analyses are
required to enlarge samples size [4]. In the majority of cases
an adaption of the raw values is necessary before pooling
different datasets. To this end common methods like scaling
by Z-transformation [5] or magnitude normalization [6]
have been applied. In some studies normalization across
genes has also been performed [7]. Here we analyze influ-
ences of these methods on the resulting concordance with
data from biochemical assays. A previous report already
demonstrated that estrogen receptor (ER) and human epi-
dermal growth factor receptor 2 (HER2) status can be
deduced from Affymetrix microarray data with high confi-
dence [8]. However, in this former study specific cutoff
values were derived and optimized by comparison with
immunohistochemistry as the gold standard. In contrast, in
the present study we aimed to derive the cutoff values
directly from the data without prior knowledge of the bio-
chemical status of the samples. Finally we compared the
results for bimodal and continuous markers with respect to
their biological impact on disease. Our results demonstrate
that reliable cutoffs can be derived from the distribution of
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expression values in a pooled dataset of individually nor-
malized microarrays. These cutoffs led to exceptionally high
concordance with biochemical data for bimodal markers like
the ER. Clinical follow up data demonstrate that they cor-
rectly identify distinct subtypes of the disease.

Materials and methods

We combined a database of n = 3,030 Affymetrix HG-
UI133A microarrays from treatment-naive primary breast
cancer samples (Table 1). We included 238 of our own
samples (datasets Frankfurt, Frankfurt-2, and Frankfurt-3)
which have been described previously (Ahr et al. 2002 [9],
Rody et al. 2007 [10], Rody et al. 2008 [11], Ruckhéberle
et al. 2008 [12], and Rody et al. 2007 [13], respectively) as
well as 2792 samples from 22 different publicly available
datasets (Table 1): Rotterdam [14—16], Mainz [17], Trans-
BIG [18], Oxford-Untreated [19], London [20], London-2
[21], Oxford-Tamoxifen, Veridex-Tam [22], Stockholm
[23], Uppsala [24, 25], San Francisco [26], New York [27],
MDA133 [28], EORTC [29], Edinburgh [30], ExpO [31],
Signapore [32], Genentech [33], Boston [34], Berlin [35],
Paris [36], and Tampa [37]. For comparability, only the
ProbeSets from the Affymetrix HG-U133A microarray were
used from seven datasets where HG-U133+ microarrays
were applied. The clinical characteristics of the patients in
the different datasets are given in Table 1.

Affymetrix expression data were analyzed by using
the MASS5.0 [38] algorithm of the affy package [39] of the
Bioconductor software project [40] (http://www.bio
conductor.org/). Subsequently data were log, transformed
and median centered across arrays. Further scaling was
performed in two different ways: In the first method the
expression values of all the genes on the array were multi-
plied by a scale factor S so that the magnitude (sum of the
squares of the values) equals 1 (we refer to these data as
“magnitude-normalized”). This method is similar to scaling
by Z score transformation but the latter uses mean-centering
instead of the more robust median-centering. In addition the
applied magnitude-normalization is sensitive to the total
feature size but this does not have an effect as long as the
same number of ProbeSets is used for all samples. In a
second approach, mean-centering and magnitude-nomal-
ization were first applied across arrays and subsequently also
across genes in each individual dataset. To these data we
refer here as “gene-normalized”.

ER status as determined by immunohistochemistry
(IHC) or biochemical assay was available for 2,198 sam-
ples from 18 of the 25 datasets (see Supplementary Table
S1). We further refer to this parameter as “biochemical ER
status” in this manuscript. Data on PgR status were
available for 1,474 patients from 13 of the 25 datasets and
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HER?2 status was available for only 618 patients from 8 of
the 25 datasets (Supplementary Table S1). Supplementary
Table S1 also gives further information on the specific
methods and cutoffs used in the different studies for the
definition of the ER, PgR and HER?2 status. Nine different
ProbeSets of the ER (ESR1) gene are present on the Af-
fymetrix U133A array. ProbeSet 205225_at was selected
for most analyses because of its highest concordance with
the biochemical ER status (see Results). The progesterone
receptor (PgR) is represented by only one ProbeSet
(208305_at). From the two ProbeSets for HER2 which are
present on the UI33A array ProbeSet 216836_s_at
was used (see Results). Regarding Ki67, four different
ProbeSets exist on the UI33A array (212020_s_at to
212023_s_at). However, there is no established cutoff for
Ki67 THC [41, 42] and a gold standard is missing. In
addition all four ProbeSets display similar strong correla-
tions to each other. Thus, we used the mean of the mag-
nitude-normalized data of all four ProbeSets in subsequent
analyses. Cutoffs for ER, PgR and HER?2 expression from
microarray were derived from fitting two normal distribu-
tions to the observed distribution of Affymetrix expression
values by maximum likelihood optimization using the op-
tim function in R as described by Venables and Ripley [43].

Follow up data were available for 2,058 of the samples
(11 datasets without follow up, see Table 1). Survival
intervals were measured from the time of surgery. For
nine datasets relapse free survival (RFS) was used as an
endpoint (n = 1,180) while for five dataset only distant
metastasis free survival (DMFS) was available (n = 879).
Thus any local recurrence events are missing from these
five datasets. However, the effect of using these different
endpoints was rather small in the overall dataset. Sup-
plementary Figure S1 shows that no significant difference
in relative survival was found when comparing the 879
samples where only the DMFS endpoint was available to
the 1,180 samples using the RFS endpoint. Thus we used
in the context of this study either the RFS endpoint as
disease free survival (DFS) or the DMFS endpoint if RFS
was not available. Data for women in whom the envisaged
end point was not reached were censored as of the last
follow-up date or at 120 months. We constructed Kaplan—
Meier curves and used the log rank test to determine the
univariate significance of the variables. A Cox propor-
tional-hazards regression model was used to examine
simultaneously the effects of multiple covariates on sur-
vival. The effect of each variable was assessed with the
use of the Wald test and described by the hazard ratio,
with a 95% confidence interval. Subjects with missing
values were excluded from the analyses and all reported P
values are two sided. P values of less than 0.05 were
considered to indicate a significant result. All analyses
were performed using the R software environment
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(http://www.r-project.org/) and SPSS version 17.0 (SPSS
Inc., Chicago, IL).

Results

Concordance of different Affymetrix ProbeSets
with biochemical data of ER, PgR, and HER?2 status

In a first approach, arrays from different datasets were
adapted using magnitude normalization (see methods) and
the concordance with biochemical data for ER, PgR, and
HERR? status was assessed. For 2,198 of 3,030 total samples
(72.5%), data on the estrogen receptor (ER) status from
immunohistochemistry (IHC) or biochemical assay were
available. Of these, 1,635 (74.4%) were characterized as
ER positive and 563 (25.6%) as ER negative. We used
receiver operating characteristics (ROC) analysis to dem-
onstrate the correlation of magnitude normalized data of
different ProbeSets from the Affymetrix HG-UI33A
microarray with the biochemical ER status (Supplementary
Figure S2). The area under curve (AUC) of the ROC
analysis provides a quantitative value of the concordance
with the biochemical data. The Affymetrix ProbeSet
205225_at displayed the highest concordance with an AUC
of 0.949 (95% CI 0.938-0.960). This confirms the results of
Gong et al. [8], who obtained the strongest correlation of
this ProbeSet with ER status by IHC in their training set of
193 samples.

For 1,474 of 3,030 samples (48.6%), data on the pro-
gesterone receptor (PgR) status from immunohistochem-
istry (IHC) or biochemical assays were available. Among
these, about 858 (58.2%) of them were characterized as
PgR positive and 616 (41.8%) as PR negative. ROC
analysis of the single ProbeSet (208305_at) for PgR on the
HG-U133A array resulted in an AUC of 0.786 (95% CI
0.763-0.809; Supplementary Figure S3A).
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The HER?2 status of the tumor was available for 618 of
the 3,030 samples (20.4%). 139 (22.5%) of them were
characterized as HER?2 positive (34 IHC or FISH positive)
and 479 (77.5%) as HER2 negative. Affymetrix ProbeSet
216836_s_at revealed a slightly better result in ROC
analysis with an AUC of 0.856 (95% CI 0.814-0.897;
Supplementary Figure S3B) than ProbeSet 210930_s_at
(AUC 0.799; 95% CI 0.752-0.846). The superiority of this
ProbeSet for HER2 status was also demonstrated previ-
ously by Gong and coworkers [8].

Derivation of a cutoff value for the ER status
from the distribution of ER microarray data

We selected the ER Affymetrix ProbeSet 205225_at which
worked best in ROC analysis for further study. Figure la
presents the distribution of the expression values for this
ProbeSet separately in ER positive and ER negative sam-
ples as defined by IHC/biochemical assay. In Fig. 1b we
analyzed the combined distribution of the expression val-
ues among all 3,030 samples from the combined datasets.
A mixture of two normal distributions was fitted to these
data as demonstrated by the blue and red lines in Fig. 1b.
Subsequently, the interception of the two fitted distribu-
tions was selected as a cutoff value (0.0075) for the defi-
nition of ER positive samples based on microarray. This
cutoff resulted in a specificity of 86.7% and a sensitivity of
93.3% when compared with the biochemical ER status
available for 2,198 of the samples (Table 2). The positive
predictive value (PPV) was 95.3%, the negative predictive
value (NPV) 81.7% and the overall accuracy 91.6%.
Among the individual datasets the specificities ranged from
66.7 to 100%, sensitivities from 80.0 to 100%, the PPVs
from 76.7 to 100%, and the NPVs from 55.6 to 100% (see
Table 2).

We also performed the fitting on the distribution of ER
expression values separately in each individual dataset.
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Table 2 Concordance of ER status based on microarray and biochemical data

Dataset ER detection General cutoff (0.0075) Dataset specific cutoff (%)
a
method Sensitiv. Specific. PPV~ NPV  Accuracy Sensitiv. Specific. PPV~ NPV  Accuracy Cutoff
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%)
Rotterdam LBA, EIA, [HC  89.0 83.7 894 83.1 869 90.0 83.0 89.1 84.2 87.2 0.0072
TransBIG IHC 90.3 82.8 91.7 803 879 92.5 78.1 89.9 833 87.9 0.0051
Oxford- Not given 100.0 66.7 76.7 100.0 84.1 100.0 40.0 64.7 1000 714 0.0034
untreated
London Not given 97.7 n.a. 100.0 n.a. 97.7 97.7 n.a. 100.0 n.a. 91.7 0.0082
London-2 Not given 94.8 n.a. 100.0 n.a. 94.8 89.6 n.a. 100.0 n.a. 89.6 0.0101
Oxford- Not given 97.2 n.a. 100.0 n.a. 97.2 100.0 n.a. 100.0 n.a. 100.0 0.0018
Tamoxifen

Veridex-Tam  IHC, LBA 99.3 n.a. 100.0 n.a. 99.3 99.3 n.a. 100.0 n.a. 99.3 0.0031
Frankfurt-3 IHC 91.8 n.a. 97.8 n.a. 90.0 98.0 n.a. 98.0 n.a. 96.0 0.0040
Uppsala EIA 88.8 88.2 979 556 888 84.7 88.2 97.8 47.6 85.1 0.0092
San Francisco Not given 94.7 81.4 89.9 89.7 89.8 96.0 79.1 88.9 91.9 89.8 0.0064
New York Not given 94.7 95.2 964 930 949 94.7 92.9 94.7 929 93.9 0.0066
Frankfurt THC 94.4 90.5 944 905 93.0 97.2 88.1 93.3 949 93.9 0.0056
Frankfurt-2 IHC 89.7 88.5 92.1 852 892 89.7 88.5 92.1 852 89.2 0.0064
MDA133 IHC 93.9 92.2 95.1 904 932 96.3 92.2 95.2 94.0 94.7 0.0072
EORTC IHC 96.4 100.0 100.0 952 979 96.4 95.0 96.4 95.0 95.8 0.0067
Edinburgh IHC 99.1 n.a. 100.0 n.a. 99.1 100.0 n.a. 100.0 n.a. 100.0 0.0061
expO Not given 90.2 88.2 939 81.8 895 88.2 90.2 94.7 793 88.9 0.0080
Boston Not given 80.0 100.0 100.0 889 923 73.3 100.0 100.0 857 89.7 0.0093
All combined 933 86.7 95.3 81.7 91.6 93.4 84.0 944 814 91.0 0.0075

* LBA ligand binding assay (>10 fmol/mg), EIA enzyme immunoassay (>0.05 fmol/ug DNA), IHC immunohistochemistry (>10% positive

tumor cells)

n.a. not applicable (if all samples were ER positive by the biochemical method)

This procedure yielded only slightly different cutoff values
(range 0.0018-0.0101, Table 2 and Supplementary Figure S4).
When these dataset specific cutoffs were used, a somewhat
lower overall specificity of 84.0% and identical sensitivity
of 93.4% was obtained (Table 2). Thus the differences
between the individual datasets are small and the simul-
taneous use of all samples seems to improve the fitting to
the distribution.

Derivation of cutoff values for PgR
and HER2 microarray data

The same method of fitting two normal distributions to the
expression data of the combined sample cohort was applied
to identify cutoff values for the expression of the proges-
terone receptor gene (PgR, ProbeSet 208305_at) and HER2
(ProbeSet 216836_s_at). The corresponding graphs are
given in Fig. 2a, b, respectively. The resulting cutoff
(—0.0078) from Fig. 2a for PgR expression corresponded
to an overall accuracy of 71.8%, a specificity of 67.4% and
a sensitivity of 74.9%. The positive predictive value (PPV)
was 76.2% and the negative predictive value (NPV) 65.9%.

Again, as shown in Table 3 fitting separately each dataset
Supplementary Figure S5) resulted in similar cutoffs (range
—0.0099 to —0.0047) and an identical overall accuracy.
The HER2 cutoff (0.0135) from Fig. 2b led to an accuracy
of 89.2%, a specificity of 97.9% but a rather low sensitivity
of 59.0% when compared to HER2 status based on “3+”
staining in immunohistochemistry or FISH ratio >2.0
(Table 4). The PPV was 89.1% and the NPV 89.2%.
Similar cutoffs (range 0.0119-0.0146) were obtained when
datasets were fitted separately (Supplementary Figure S6).
In contrast, using either cutoff values the sensitivity for
HER?2 detection differed markedly between datasets (range
32-100%, Table 4).

Influence of gene normalization on different cohorts

Some analyses of microarray datasets have used “gene
normalization” to bring the data to a uniform scale. By this
method the expression values of each gene are adjusted
across all samples of the respective cohort. We analyzed
the effect of this transformation on the distribution of ER
expression values in the individual datasets. After “gene
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Table 3 Concordance of PgR status based on microarray and biochemical data

Dataset PgR detection  General cutoff (—0.0078) Dataset specific cutoff
method Sensitiv. Specific. PPV NPV Accuracy Sensitiv. Specific. PPV NPV  Accuracy Cutoff
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%)

Rotterdam LBA, EIA 68.3 80.4 86.2 58.7 727 68.3 80.4 86.2 587 727 —0.0075
London Not given 82.8 429 81.5 450 729 82.8 429 81.5 450 729 —0.0088
London-2 Not given 94.9 66.7 90.3 80.0 883 89.8 77.8 93.0 70.0 87.0 —0.0064
Frankfurt-3 IHC 80.8 50.0 67.7 66.7 674 80.8 45.0 65.6 643 652 —0.0095
Uppsala EIA 68.4 73.8 89.0 429 69.7 68.9 73.8 89.1 433 70.1 —0.0084
San Francisco  Not given 75.8 72.5 78.1  69.8 744 78.8 66.7 754 70.8 735 —0.0099
New York Not given 67.4 90.9 853 78.1 80.6 67.4 90.9 853 78.1 80.6 —0.0069
Frankfurt IHC 774 64.4 66.1 76.0 70.5 77.4 69.5 69.5 774 732 —0.0064
Frankfurt-2 IHC 72.4 77.8 724 718 754 724 77.8 724 718 754 —0.0081
MDA133 IHC 72.7 68.0 625 773 70.0 72.7 66.7 615 769 69.2 —0.0079
EORTC IHC 66.7 93.1 857 81.8 83.0 61.1 93.1 84.6 794 809 —0.0054
expO Not given 91.0 19.2 546 667 563 91.0 19.2 546 66.7 56.3 —0.0076
Boston Not given 53.8 76.9 53.8 769 69.2 30.8 923 66.7 727 718 —0.0047
Combined 74.9 67.4 762 659 718 74.5 68.0 764 657 71.8 —0.0078

LBA ligand binding assay (>10 fmol/mg), EIA enzyme immunoassay (>0.05 fmol/pg DNA), IHC immunohistochemistry (>10% positive tumor

cells)

normalization” has been performed it was still possible to
derive cutoff values from the mixed distribution as
described above. However, the specific cutoffs are different
for each individual dataset after “gene normalization”
since they depend on the proportions of ER positive and
ER negative samples in the specific dataset. We analyzed
the impact of this effect by deliberately subdividing the
dataset Frankfurt in two subgroups containing either only
the ER positive or the ER negative samples. Supplementary
Figure S7 demonstrates the influence of gene normalization
on the full cohort (Supplementary Figure S7A) and the two
subcohorts (Supplementary Figure S7B, C). “Gene nor-
malization” leads to a broadening of the distribution of
expression values in the ER positive and the ER negative

@ Springer

subsets as compared to the full cohort (Supplementary
Figure S7). Importantly, the derivation of a cutoff from
such gene normalized data by fitting two distributions was
only possible when at least some ER negative samples
were enclosed in the ER positive cohort and vice versa.

Plausibility of the derived cutoffs through analysis
of patients’ prognosis

ER positive and ER negative breast cancers are generally
assumed as separate types of disease with a different clinical
course [44-46]. We reasoned that a correct classification
according to ER status should result in patient subgroups
with a distinct prognosis while further subdivision
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Table 4 Concordance of HER?2 status based on microarray and biochemical data

Dataset IHC/FISH HER2 General cutoff (0.0135)

Dataset specific cutoff

HER2 positive®

available (%) Sensitiv. Specific. PPV NPV  Accuracy Sensitiv. Specific. PPV NPV  Accuracy Cutoff
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%)
Frankfurt-3 19 2 (11%) 0.0 94.1 0.0 889 84.2 0.0 94.1 0.0 889 842 0.0163
San 79 8 (10%) 100.0 98.6 88.9 100.0 98.7 100.0 98.6 88.9 100.0 98.7 0.0119
Francisco

New York 88 9 (10%) 77.8 94.9 63.6 974 932 77.8 94.9 63.6 974 932 0.0151
Frankfurt 65 22 (34%) 59.1 95.3 86.7 82.0 83.1 50.0 97.7 91.7 79.2 815 0.0146
Frankfurt-2 57 20 (35%) 35.0 97.3 87.5 735 754 35.0 97.3 875 735 754 0.0145
MDA133 132 33 (25%) 81.8 99.0 964 942 94.7 75.8 99.0 96.2 925 932 0.0144
expO 141 37 (26%) 35.1 100.0 100.0 81.3 83.0 324 100.0 100.0 80.6 823 0.0141
Boston 37 8 (22%) 875 100.0 100.0 96.7 97.3 87.5 100.0 100.0 96.7 97.3 0.0155
Combined 618 139 22%) 59.0 97.9 89.1 89.2 89.2 55.4 98.1 89.5 88.3 885 0.0135

* THC 3+ OR FISH > 2.0 if method given, see Supplementary Table S1
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Fig. 3 Different prognosis of patients supports plausibility of the
derived cutoff for ER expression. Samples were defined as ER
positive and ER negative based on microarray. The two subgroups of
patients were further stratified into quartiles based on the expression
values of ER. Kaplan Meier analysis of disease free survival of 2,058
samples with follow up data is presented for the resulting eight
subgroups. While ER positive and negative subtypes clearly differ in
survival (P = 0.001) no correlation of the prognosis with the relative
expression of ER within the subgroups of ER positive and ER
negative tumors is detectable

according to the level of ER expression should have no
significant effect on survival. Thus we stratified both the
microarray-derived ER positive and ER negative subgroups
in four quartiles each according to ER expression (Probe-
Set 205225_at). Follow up data were available for 2,058 of
the samples. Figure 3 presents the results from Kaplan
Meier analyses of disease free survival of the patients in the
eight resulting subgroups. Patients in the ER negative

subgroup as defined by the distribution-derived cutoff had a
high risk for a relapse especially in the first three to five
years. Survival in the ER positive subgroup is significantly
better but steadily declining even after five to ten years
(P = 0.001). These differences between ER negative and
ER positive cancer types has been repeatedly described
previously [44, 45]. In contrast we observed no significant
differences in survival among each subtype when the
patients were further substratified according to ER
expression.

Next we analyzed the impact of the combined stratifi-
cation according to both ER and PgR determined by either
biochemical methods (Fig. 4a) or microarray (Fig. 4b) on
the prognosis of the 1,085 patients for which the bio-
chemical data as well as follow up information were
available. The obtained results were similar and detailed
results for single markers are also presented in Supple-
mentary Figure S8. Microarray data resulted in a higher
portion (4%) of ER negative PgR positive tumors than
biochemical methods (1%) which might represent false
positive PgR results (see Supplementary Figure S10 and
the section Discussion). Figure 4c—e present the results of
Kaplan—Meier analyses in which all 2,058 patients with
available follow up data were included using the distribu-
tion derived cutoffs described above. Results for ER and
PgR (Fig. 4c) were comparable to those of the smaller
subset in Fig. 4b. HER2 positive patients had a worse
prognosis in the complete cohort (Fig. 4d). As shown in
Fig. 4e, the largest impact of HER2 expression was
observed in the ER positive subgroup. To analyze the
relative impact of the three variables (ER, PgR, and HER2)
on the prognosis of patients simultaneously we performed
univariate and multivariate Cox regression analysis as
presented in Supplementary Table 2. While all three
markers were highly significant in univariate analysis, only
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PgR remained significant with a hazard ratio of 1.48 (95%
CI 1.23-1.78, P < 0.001, Supplementary Table 2). For a
subset of 1,589 of the patients in the analyzed cohorts
information on endocrine treatment was available. As
shown in Fig. 5, the worse prognosis of PgR negative
tumors was observed among both 661 endocrine treated
and 928 untreated samples (results were similar for the
subset of 722 patients with biochemical status data; Sup-
plementary Figure S9).

@ Springer

Analysis of continuous markers

The markers analyzed so far demonstrated bimodal distri-
butions. Both for ER and PgR as well as HER2, we
observed two clearly different subgroups of samples in the
cohorts. These results are in line with the widely accepted
concept that these subgroups characterize biologically
distinct subtypes of breast cancer [47, 48]. In contrast Ki67
as well as other proliferation markers represent a different
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Fig. 5 Disease free survival of untreated and endocrine treated
patients stratified according to ER and PgR status based on
microarray. The 1,589 patients with available follow up information
were selected which were either untreated (a) or treated only with
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Fig. 6 Distribution of Ki67 Affymetrix expression values in the
combined dataset. a Distribution of Ki67 expression values (ProbeSets
212020_s_at-212023_s_at) among all 3,030 samples. b Distribution of

type of parameter. The observed distribution of Ki67
expression among the samples is not bimodal but rather
continuous as shown in Fig. 6a. Thus the approach used
above for bimodal distributions does not seem to be
appropriate for Ki67. The continuous distribution of Ki67
expression might suggest that in contrast to the ER status
those tumors with high and low Ki67 expression values,
respectively, does not represent distinct types of disease.
The level of Ki67 expression could rather be a surrogate
marker for the proportion of Ki67 expressing cells in the
tumor sample and display a quantitative correlation with
prognosis. Consequently a multiple substratification
according to Ki67 expression should result in multiple
groups with a different clinical prognosis contrary to the
results obtained for the ER above in Fig. 3. As shown in
Fig. 6b, ER negative breast cancers are generally charac-
terized by high expression of Ki67 while the influence of
the HER2 status on the distribution of Ki67 expression
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adjuvant endocrine therapy (b). Patients were stratified according to
ER and PgR status based on microarray and Kaplan—Meier analysis
performed to determine the disease free survival in the respective
subgroups
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Ki67 expression values stratified according to ER status among all
3,030 samples. ¢ Distribution of Ki67 expression values stratified
according to HER2 among all 3,030 samples

values was not so profound as demonstrated in Fig. 6c.
Thus to avoid a confounding effect ER positive tumors
need to be analyzed separately from ER negative tumors.
We therefore performed a quartile split according to Ki67
expression in the ER positive cohort. As shown in Fig. 7,
Kaplan Meier analysis of the four groups of ER positive
tumors suggests that the higher the level of Ki67 the worse
the prognosis of the patients.

Discussion

In this study we used a data driven model for the definition
of cutoffs without a priori information on the true result
(e.g., the biochemical ER status). We derived the cutoff by
fitting a mixture of two normal distributions to the data as
the simplest approach. Obviously this simple model does
not need to be correct or even a good model at all.
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Fig. 7 Disease free survival of patients with ER positive tumors
according to the level of Ki67 expression. Patients with ER positive
tumors were stratified in quartiles according to the level of Ki67
expression by microarray. Kaplan—-Meier analyses of disease free
survival of the 1,549 patients in the respective four groups are given

However, we used this straight approach to avoid overfit-
ting of the data. In contrast to previous studies [8] no
external gold standard is necessary to derive a cutoff by
this method. Nevertheless, the derived cutoffs for ER, PgR
and HER2 showed high concordance with results from
biochemical methods despite, e.g., widespread concerns of
the inaccuracy of immunohistochemistry [49, 50]. The
comparability of array normalized data from 25 different
datasets was good leading to similar cutoffs. When indi-
vidual datasets were used as “training” set similar accu-
racies were obtained in the resulting validation sets
(Supplementary Figure 11). Our observed accuracy of ER
(91.6%, Table 2) was higher than that between local and
central THC in a recent study from the ECOG 2,197 trial
(90%) [51]. In the same study the PgR sensitivity and
specificity between local and central IHC were 80.7 and
88.6%, respectively. Concordance of PgR IHC between
core biopsy and surgical samples has been reported to be
83% [52]. Thus the observed concordance of 71% for PgR
status in our study can not be considered satisfying (75%
sensitivity and 67% specificity, Table 3). However, similar
results for gene expression have been obtained by others
[53] and might be related to substantially lower mRNA
expression levels for PgR than ER (>20 fold lower mean
MASS values, see Supplementary Figure S10). This prob-
lem might be overcome by using signatures combining
several genes. Creighton et al. [16] have developed two
gene signatures consisting of 182 and 1,005 genes for
ER +/PR + and ER-/PR-tumors, respectively, using the
Rotterdam and Uppsala datasets. When they applied these
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signatures to classify the tumors from the same datasets
they reached concordances of 89 and 84%, respectively.

The derived cutoff for HER2 expression led to a spec-
ificity of 97.9% but a rather low sensitivity of 59.0%
among the 618 samples with biochemical HER2 status.
However, the sensitivity differed markedly between data-
sets (range 32—-100%, Table 4) and the possibility of some
false positive biochemical data might be considered. Gong
et al. [8] used a training approach to optimize the HER2
cutoff among 195 samples leading to 91% sensitivity and
95% specificity. This cutoff resulted in sensitivity and
specificity of 79 and 94% as well as 100 and 88% in two
different validation datasets. Microarray data of 133 of the
195 samples from this training set were available for our
analysis (dataset MDA133). Importantly, among these 133
samples our distribution derived cutoff resulted in an 82%
sensitivity, 99% specificity, and 95% overall accuracy. In
other words our method resulted in a slightly higher cutoff
value than the training approach of Gong et al. [8]. How-
ever, with respect to an analytical approach rather than a
clinical test, this high cutoff value might be more prefer-
able. It results in a specificity of 97.9% and a positive
predictive value (PPV) of 89.1% among all 618 samples
with biochemical HER2 status. Thus only 10.1% false
positive HER2 tumors would be included in subsequent
analyses when using this cutoff value. On the other hand
because of the NPV of 89.2% those samples erroneously
categorized as HER2 negative by this cutoff represent only
11.8% of the total number of samples in the larger group of
HER?2 negative tumors.

Some microarray studies performed normalization
across genes [54]. However, the expression of many genes
is highly correlated. For example it has been shown
repeatedly that a large set of genes is strongly associated
with the ER status in breast cancer [55, 56]. As we have
demonstrated, “gene normalization” in cohorts with
varying proportions of tumors differing in the ER status
leads to a distortion of the distribution of expression values
of such genes. If subsequent analysis steps involve a rela-
tive split of the cohort to stratify samples, this can lead to
strange results [57]. Thus gene normalization is a very
critical point when combining or comparing datasets.

Other studies have also characterized bimodal markers
from microarray datasets [58—60]. Some suggested that
bimodal “switch-like” genes differ from non-bimodal
genes in transcriptional regulation [61]. Assuming a precise
quantitation by microarrays, the different mRNA levels can
either result from the level in individual cells or from the
proportion of cells in the sample (or both). Breast cancer is
a heterogeneous disease containing subtypes with different
clinical behavior. It has been suggested that such distinct
cancer subtypes may be derived from distinct progenitor
cells which are arrested in their maturation [62-66]. When
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we analyzed the prognosis of subgroups we have observed
an essential difference between bimodal parameters like
ER, PgR, HER2 on the one hand and the continuous
marker Ki67 on the other. The bimodal markers seem to
stratify distinct subtypes of tumors as revealed by their
distinct clinical follow up. In contrast Ki67 did not define
two distinct subtypes. Instead we observed a continuous
relationship the higher the expression the worse the prog-
nosis. From immunohistochemical studies it is known that
the proportion of Ki67 expressing cells is relatively low
with a median of 16-17% [41, 42]. It is not clear whether
this represents a snapshot of transiently cycling cells or if
Ki67 expression defines a distinct type of carcinoma cells
which differ in their differentiation state. Regardless of this
question it seems reasonable that the level of Ki67 mRNA
measured by microarray predominantly results from the
proportion of cells expressing the gene rather than the level
of expression in the individual cells.

In summary our data demonstrate that pooling of
microarray datasets seems to be recommended to enlarge
sample size and to refine cutoffs derived from the data.
Critical pitfalls which have to be considered include the
introduction of bias from gene normalization which has
been often applied to adjust different platforms.
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