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The RANK/RANKL/OPG pathway is well known for bone destruction in skeletal metastases
but has also been implicated in osteoclast-independent roles in tumorigenesis and de novo
metastasis. Experimental data suggest contribution of progesterone to tumorigenesis may
be mediated by RANKL. Importantly, modulation of this pathway became possible through
the availability of denosumab, an artificial counterpart of OPG, but significant gaps remain
in the translation of preclinical findings on the pathway. We analyzed gene expression of
RANK, RANKL and OPG from 40 Affymetrix datasets encompassing 4467 primary breast
cancers and focused on ER positive disease.
We did not observe a significant prognostic value of RANK and RANKL mRNA expression.
In contrast, OPG was associated with a better prognosis among 1941 ER positive cancers
(HR 0.64, 95% CI 0.53—0.77; P < 0.0001) using a cutoff from its highly bimodal expression.
We detected considerable heterogeneity regarding the prognostic value of OPG between
different datasets. This heterogeneity could neither be attributed to technical reasons
nor to differences in standard clinical parameters or treatments of the cohorts. Interest-
ingly, the prognostic value of the progesterone receptor and of OPG showed similar cohort
specific effects. Still both factors were no surrogates for each other but contributed inde-
pendent prognostic value in multivariate analyses.
Thus, both OPG and PgR are independently associated with good prognosis in ER positive
breast cancer. However both markers share common cohort specific differences in contrast
to proliferation markers as Ki67 which may be based on the underlying biology.
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1. Introduction

The cell surface receptor RANK (receptor activator of NFkB), its
ligand (RANKL), and the decoy receptor of RANKL, osteoprote-
gerin (OPG), play an important functional role in bone physi-
ology and in bone metastasis by regulating osteoclasts
(Gonzalez-Sudrez, 2011). RANK/RANKL signaling has also
been shown to be involved in mammary gland development
(Fata et al, 2000) as well as mammary tumorigenesis
(Gonzalez-Suarez et al., 2010; Schramek et al., 2010) and pro-
gression (Palafox et al., 2012) in mice. In normal mammary
gland development RANKL expression is strongly induced by
PgR signaling and required for progesterone induced side
branching (Brisken, 2013). Recent data show that RANKL pro-
tein expression in breast tissue correlates with progesterone
levels in women (Tanos et al., 2013). Soluble RANKL adminis-
tered intravenously can elicit proliferation in the mammary
epithelium, and systemic administration of its decoy receptor
osteoprotegerin (OPG) can inhibit proliferation (Brisken, 2013).
Adding progesterone (MPA) to estrogen (CEE) treatment
resulted in higher expression of RANK and RANKL, and lower
expression of OPG in normal breast tissue of macaque mon-
keys (Wood et al., 2013). RANKL protein was localized exclu-
sively in PgR expressing luminal epithelial cells in that
study, similar to what has been described in mice and humans
(Gonzalez-Suarez et al., 2010; Tanos et al., 2013). The impor-
tant role of the RANKL decoy receptor OPG is demonstrated
by the effects of its artificial counterpart, a human mono-
clonal antibody to RANKL (Denosumab) (Dougall, 2012). This
antibody has been developed to prevent skeletal-related
events in patients with bone metastases (Stopeck et al,
2010; Lipton et al., 2012; Coleman et al., 2012) based on its
role in modulating formation, function, and survival of
bone-resorbing osteoclasts (Nakashima and Takayanagi,
20009).

Breast cancer is a heterogeneous disease composed of at
least four major subtypes which differ by their expression
of estrogen (ER) and progesterone (PgR) receptors, HER2,
and the proliferative status of the tumor (Reis-Filho, 2011).
The analysis of the protein expression patterns of RANK,
RANKL, and OPG in human breast cancers has been difficult
due to the lack of highly sensitive and specific antibodies,
the down-modulation of RANK by RANKL, and the expression
of RANK, RANKIL, and OPG in several different cell types
(Gonzalez-Suarez, 2011). For instance, RANKL expression by
regulatory T cells (Tregs) within the tumor seems to stimu-
late metastasis of breast cancers through RANK signaling
(Tan et al., 2011). RANKL mRNA expression was strongly
associated with young age independent of breast cancer sub-
type in a comprehensive gene expression profiling study on
breast cancer in young women (Azim et al., 2012). The
mRNA expression of its receptor RANK has been shown to
be increased in the basal-like subtype of breast cancer
(Santini et al., 2011), and consequently it has been associated
with a worse survival. However, as we and others have previ-
ously shown it is pivotal to perform gene expression analyses
separately by breast cancer subtype to avoid rediscovering
the well known differences between the subtypes (Rody
et al., 2011; Karn et al., 2011, 2012).

Comprehensive data on RANK, RANKL, and OPG gene
expression in breast cancer subtypes are yet missing espe-
cially for ER positive disease which is in particular associated
with bone metastasis. Therefore, in the present study we set
out to characterize the prognostic value of the mRNA expres-
sion of RANK, RANKL, and OPG in several larger microarray
datasets of breast cancer. Surprisingly, we found discrepant
results on the prognostic value of OPG in different ER positive
datasets. After enlarging the analysis to 4467 patients we
observed a clear positive prognostic value of OPG but hetero-
geneity between datasets still remained which could not be
attributed to technical dissimilarities or to differences in stan-
dard clinical parameters or treatments between cohorts.
Interestingly, the cohort effects for the prognostic value of
OPG paralleled those for the progesterone receptor. Still the
two factors are no proxies for each other but independent in
multivariate analyses including Ki67 and clinical parameters.
Our study also highlights that unrecognized biases between
cohorts need careful consideration.

2. Materials and methods

All analyses were performed according to the "REporting recom-
mendations for tumor MARKer prognostic studies” (REMARK)
(McShane et al., 2005; Simon et al., 2009) and the respective
guidelines to microarray-based studies for clinical outcomes
(Dupuy and Simon, 2007). A diagram of the complete analyt-
ical strategy and the flow of patients through the study,
including the number of patients included in each stage of
the analysis, is given in Figure 1. We compiled Affymetrix
gene expression data (U133A or U133Plus2.0 arrays) of 4467
breast cancer patients from 40 publicly available datasets
(Supplementary Table S1). Affymetrix CEL files were pro-
cessed with the MAS5.0 algorithm of the affy package
(Gautier et al., 2004) of the Bioconductor software project
(Gentleman et al., 2004). Data from each array were log,-trans-
formed, median-centered, and the expression values of all the
probesets from the U133A array were multiplied by a scale fac-
tor S so that the magnitude (sum of the squares of the values)
equals one. The Bimodality Index (BI) according to Wang and
colleagues was used as a metric to measure the degree of
bimodal expression of genes (Wang et al., 2009). The bimodal
distributions of ESR1, PgR, HER2, and OPG gene expression
were used to derive cutoffs to differentiate high and low
expression, or positive and negative status, respectively, as
described previously (Karn et al., 2010).

To approximate the intrinsic subtypes of breast cancer we
used the simple method according to Hugh et al. (Hugh et al,,
2009) which is based on the expression of single marker genes
(ESR1, PgR, HER?2, Ki67) to define TNBC-, HER2-, Luminal A-,
and Luminal B-subtypes. For a distinction of Luminal A and
Luminal B subgroups all 2884 ERpositive/HER2negative sam-
ples were selected and a median split according to Ki67
expression was performed. In addition all 106 ERpositive/
HER2positive cases were also assigned to the Luminal B sub-
type according to this method (Hugh et al., 2009). The individ-
ual assignments of molecular subtypes are given for each
sample in Supplementary Table S2.


http://dx.doi.org/10.1016/j.molonc.2014.04.003
http://dx.doi.org/10.1016/j.molonc.2014.04.003
http://dx.doi.org/10.1016/j.molonc.2014.04.003

1198

MOLECULAR ONCOLOGY 8(2014) 1196-1207

Analytical strategy

Discordant results on the prognostic value of OPG based on bimodal expression
in three different breast cancer microarray datasets (Figure 2, Suppl. Fig. S1, Suppl. Fig. $10)

v

40 publicly available breast cancer microarray datasets (Affymetrix U133A or U133Plus2) (Suppl.Tab S1)

v

n=4467 primary breast cancers (Table 1, Suppl. Table S2)
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e Comparison of prognostic effect of OPG
and PgR in dataset pools (Suppl. Figure 54,
Suppl. Figure S5)

e Examination of potential influence of
endocrine treatment (Suppl. Figure S6)
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Figure S7)
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(Suppl. Figure S8)
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Independent prognostic value of OPG and PgR in multivariate analysis (Table 2)
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value of OPG
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Figure 1 — Diagram of the analytical strategy and the flow of patients through the study according to REMARK criteria ("REporting
recommendations for tumor MARKer prognostic studies” McShane et al. ] Clin Oncol. 2005; 23:9067).

Follow up information was available for 2590 of the 4467
samples. In the conduct of the presented analysis event free
survival (EFS) was calculated as preferentially corresponding
to the RFS endpoint, but measured with respect to the DMFS
endpoint if RFS was not available. All results from survival

analyses were verified by examining the effect of the different
endpoints in stratified analyses. Follow up data for those
women in whom the envisaged end point was not reached
were censored as of the last follow-up date or at 120 months.
Subjects with missing values were excluded from the
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analyses. We constructed Kaplan—Meier curves and used the
log-rank test to determine the univariate significance of the
variables. A Cox proportional-hazards model was used to
simultaneously examine the effects of multiple covariates
on survival. The effect of each individual variable was
assessed with the use of the Wald test and described by the
hazard ratio, with a 95 percent confidence interval (95% CI).
The rmeta package (Thomas, 2012) was used to generate forest
plots. All analyses were performed using SPSS Statistics
Version 21 (IBM Corp.) and R 3.0.1 (www.r-project.org).
Supplementary Table S2 gives complete information
including weblinks to all the samples that were analyzed. It
also contains the normalized expression values for all genes
analyzed, the stratification for each sample and the different
filter used for subcohort analyses. An R workspace and script
for the correlation analysis in Supplementary Figure S2 and
the generation of the forest plots from univariate cox regres-
sion data in Figures 3 and 4 is provided as Supplementary
Material.
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3. Results

3.1. Discordant results on the prognostic value of OPG in
some datasets

We studied the prognostic value of RANK, RANKL, and OPG
gene expression in a well known microarray dataset (“Rotter-
dam”) of 286 samples from breast cancer patients which
were not treated with adjuvant therapy (Wang et al., 2005;
Minn et al., 2007). We detected no relationship with patients’
prognosis for both RANK and RANKL mRNA when analyzing
quartiles of expression levels among the overall population
or within subtypes. For OPG mRNA expression two probesets
are available on the Affymetrix array (probesets 204932_at
and 204933_s_at, respectively). Both correlated well with each
other and displayed a positive relationship with favorable
prognosis of the patients when analyzed in quartiles. Notably,
probeset 204933_s_at displayed a strong bimodal distribution

Rotterdam, ER positive patients

1.oj
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0.8 ‘
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a
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Figure 2 — Discordant results on the prognostic value of OPG in three datasets. Kaplan—Meier analysis of all patients (A) and the ER positive
subset (B) in the Rotterdam dataset according to OPG mRNA expression. OPG was dichotomized using the cutoff derived from its bimodal
expression (Affymetrix probeset 204933_s_at). The same cutoff was used for validation in the ER positive subset of the Mainz dataset (C) and

Uppsala dataset (D), respectively. Data in panels B, C, and D are shown for the ER positive subset in order to exclude bias from different

proportions of ER positive and ER negative samples in the datasets. Similar results were also obtained when including the complete cohorts

(Supplementary Figure S10). Distant metastasis free survival was used in Panels A, B, and C. Relapse free survival was used in Panel D. The small

inset figures display the bimodal distribution and the applied cutoff.
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Figure 3 — Prognostic value of OPG and PgR expression in different dataset. Forest plot illustration of the results from univariate Cox regression

analysis of survival according to OPG (A) and PgR (B) gene expression in ER positive patients from individual datasets. Datasets are sorted
according to the hazard ration of OPG in both figures. Cutoffs for OPG and PgR were derived from their bimodal distribution. Size of squares
relate to sample size, horizontal lines to 95% CI. Diamonds give summary measures of two dataset pools (#1 and #2) as well as all samples. The

detailed results from the Cox regression analyses are given in Supplementary Table S5.

suggesting an intrinsic cutoff value to stratify tumors with high
and low OPG (Supplementary Figure S1). The extraordinary de-
gree of bimodal expression was revealed when compared to
other genes on the Affymetrix array: Within the group of ER
positive samples from the Rotterdam dataset we used the
Bimodality Index (BI) as a metric for bimodal expression
(Wang et al., 2009). OPG probeset 204933 _s_at displayed a BI
of more than 1.91 which ranks at position 187 within the 1%
highest Bl values among all 22,283 probesets on the Affymetrix
U133 Array. Such bimodality has been observed for many
powerful biomarkers as e.g. ER, PgR, and HER2 revealing
distinct disease subsets (Ertel, 2010; Karn et al., 2010; Hellwig
et al., 2010; Karrila et al., 2011; Karn et al., 2012). We applied
the cutoff deduced from the bimodal distribution in
Kaplan—Meier survival analysis and found a positive correla-
tion of OPG expression with better outcome both for the overall
cohort (P = 0.005; Figure 2A) as well as the ER positive subset
(P=0.017, Figure 2B) of dataset “Rotterdam”, while only a trend
was observed in ER negative cancers (P = 0.14). However, when
we subsequently tried to validate this observation in two addi-
tional independent datasets (“Mainz”(Schmidt et al., 2008) and
“Uppsala” (Miller et al., 2005)), we got inconsistent results.
Despite that OPG expression values displayed the bimodal dis-
tribution in all three datasets allowing the use of the same cut-
off value (Supplementary Figure S1), we detected a positive
prognostic value only in the “Rotterdam” (Figure 2B) and
“Mainz”(Schmidt et al., 2008) datasets (Figure 2C) but not in
the “Uppsala” dataset(Miller et al., 2005) (Figure 2D). Interest-
ingly, the patients in the Uppsala dataset were treated with
adjuvant chemotherapy and endocrine therapy. In contrast,
patients in both the Rotterdam and Mainz datasets did not
receive any adjuvant therapy. However, an additional differ-
ence was the use of relapse free survival (RFS) as outcome

variable in the Uppsala dataset but distant metastasis free sur-
vival (DMFS) in both the Rotterdam and Mainz datasets. Thus,
we assembled additional datasets to verify whether OPG might
have a potential predictive value for adjuvant therapy and/or
distant metastasis rather than local relapse.

3.2. Comprehensive compilation of Affymetrix
microarray datasets

We compiled Affymetrix gene expression profiles of a total of
4467 breast cancer patients from 40 publicly available data-
sets as previously reported (Hanker et al., 2013) (see Methods
section and Supplementary Table S1 and Figure 1). The clin-
ical characteristics of all 4467 samples are given in Table 1.
We observed the bimodal distribution of OPG mRNA expres-
sion (probeset 204933_s_at) among all datasets and used it
for stratification of tumors with either high or low OPG.
Within the 4467 samples those tumors with high OPG are
characterized by a somewhat lower fraction of ER positive
cases (62.5% vs 70.4%, P < 0.001) and a higher fraction of
TNBC (28.2% vs 21.6%, P < 0.001; Table 1). Contrasting with
this observation, we found that the OPG high group is also
characterized by a higher fraction of PgR positive cases
(62.4% vs 95.5%). A separate analysis of the ER positive subset
of the patients shown also in Table 1 demonstrated that this
observation is mainly due to the fact that three quarters of
the ER-positive/PgR-negative cases were in the OPG low
group. Among the ER positive tumors high OPG was clearly
associated with a positive PgR status (OR 2.8, P < 0.001;
Table 1). We also found significant differences in both the
type of systemic treatment and the available outcome vari-
able for survival (DMFS vs RFS) of the datasets for the groups
of high and low OPG in the ER positive subset (Table 1). In
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Figure 4 — Prognostic value of OPG and PgR expression in different dataset stratified according to lymph node status. Forest plot illustration of

the results from univariate Cox regression analysis of survival according to OPG (A) and PgR (B) gene expression in lymph node negative (LNN)

ER positive patients from individual datasets. The results for node positive patients are presented in panels (C) and (D) for OPG and PgR,
respectively. Datasets are sorted according to the hazard ration of OPG within the two dataset pools in all four figures. Cutoffs for OPG and PgR

were derived from their bimodal distribution. Size of squares relate to sample size, horizontal lines to 95% CI. Diamonds give summary measures

of two dataset pools (#1 and #2) as well as all samples. The detailed results from the Cox regression analyses are given in Supplementary Table S9.

addition we used the mRNA expression of OPG, ER, PgR, HER2,
and Ki67 as continuous parameters to analyze their correla-
tion through hierarchical cluster analysis within the subset
of ER positive tumors. As shown in the resulting dendrogram
in Supplementary Figure S2 the two OPG probesets clustered
in the same branch as PgR in Iine with the observed positive
association of OPG and PgR in the ER positive subset in
Table 1.

3.3.  Prognostic value of OPG in different cohorts of ER
positive breast cancer

We performed separate Kaplan Meier analyses within the
1941 ER positive and 694 ER negative samples with follow up
data from the combined cohorts using the cutoff from the
bimodal expression of OPG. As shown in Supplementary
Figure S3 we detected a significant prognostic value in the
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Table 1 — Clinical characteristics of all 4467 samples and the 2990 ER positive samples from the 40 datasets.

Parameter Total OPG low OPG high OR P-Value
All tumors (n = 4467)
Lymph node status LNN 2040 62.5% 1142 62.1% 898 63.0% 1.0

N+ 1225 37.5% 697 37.9% 528 37.0% n.s.
Age Age >50 1908 61.1% 977 61.8% 931 60.3% 0.9

Age <50 1217 38.9% 604 38.2% 613 39.7% n.s.
Tumor size <2 cm 358 20.3% 197 20.5% 161 20.1% 1.0

>2 cm 1403 79.7% 763 79.5% 640 79.9% n.s.
Grade G3 1524 49.2% 798 49.0% 726 49.4% 1.0

Gl & G2 1575 50.8% 831 51.0% 744 50.6% n.s.
ER status Positive 2990 66.9% 1756 70.4% 1234 62.5% 0.7

Negative 1477 33.1% 737 29.6% 740 37.5% <0.001
PgR status Positive 2466 55.2% 1234 49.5% 1232 62.4% 1.7

Negative 2001 44.8% 1259 50.5% 742 37.6% <0.001
HER2 status Positive 589 13.2% 318 12.8% 271 13.7% 1.1

Negative 3878 86.8% 2175 87.2% 1703 86.3% n.s.
Molecular subtype (Hugh et al.) HER2 381 8.5% 198 7.9% 183 9.3% 1.2

Luminal A 1442 32.3% 740 29.7% 702 35.6% 1.3

Luminal B 1548 34.7% 1016 40.8% 532 27.0% 0.5

Triple negative 1096 24.5% 539 21.6% 557 28.2% 1.4 <0.001
Systemic treatment Untreated 1108 38.3% 654 36.8% 454 40.6% 1.2

Endocrine only 1182 40.8% 765 43.1% 417 37.3%

Chemotherapy 604 20.9% 357 20.1% 247 22.1% 0.008
Outcome variable RFS 1412 50.9% 740 47.6% 672 55.1% 1.3

DMEFS 1361 49.1% 813 52.4% 548 44.9% <0.001
ER positive tumors (n = 2990), only parameters significant among all 4467 samples above
PgR status Positive 2088 69.8% 1080 61.5% 1008 81.7% 2.8

Negative 902 30.2% 676 38.5% 226 18.3% <0.001
Molecular subtype (Hugh et al.) Luminal A 1442 48.2% 740 42.1% 702 59.9% 1.8

Luminal B 1548 51.8% 1016 57.9% 532 43.1% <0.001
Systemic treatment Untreated 750 34.6% 448 32.9% 302 37.4% 1.2

Endocrine only 1102 50.9% 718 52.8% 384 47.6%

Chemotherapy 315 14.5% 194 14.3% 121 15.0% <0.001
Outcome variable RFS 1011 50.1% 548 47.0% 463 54.5% 1.4

DMFS 1006 49.9% 619 53.0% 387 45.5% 0.001

ER positive subset (P < 0.0001) but only a trend among ER nega-
tive patients (P = 0.26). We then performed univariate Cox
regression analyses for survival separately in each individual
dataset with follow up information to examine potential dif-
ferences between datasets. We considered only the subsets
of ER positive patients for all analyses to reduce potential in-
fluences of subtype composition of the different cohorts.
The samples with follow up were derived from 18 different
datasets as given in Supplementary Table S3. Only for seven
of the datasets we detected a significant effect or a trend for
a better prognosis in the OPG high group. Hazard ratios were
between 0.26 and 0.53 as given in Supplementary Table S3.
These seven datasets in total encompassed 882 of the pa-
tients. The remaining 11 datasets encompassing 1059 patients
did not show a difference in survival according to OPG. Even if
the sample size of some of these datasets with a negative
result may have been too small, at least five of the datasets
encompassed more then 100 cases (Supplementary Table
S3). We next examined whether we could detect a systematic
difference between those datasets displaying a potential pos-
itive result and a negative result, respectively. Therefore we
inspected the following parameters of the patients as given
in Supplementary Table S3: type of adjuvant treatment, age,
tumor size, lymph node status, grading, relative proportion

of luminal B tumors, and PgR status. We also checked for sys-
tematic differences regarding the applied Affymetrix array
type (U133A vs. U133Plus2.0), the available outcome variable
(DMFS vs. RFS), and the frequency of early events in the
different datasets. However, none of the parameters in
Supplementary Table S3 did show a significant difference be-
tween those dataset which displayed a potential positive and
negative prognostic result (Supplementary Table S4). Also
quantification of heterogeneity by the I? metric (Higgins
et al., 2003) suggested that all variation that we observed be-
tween the datasets could be attributed to chance.

3.4. Similar cohort effects on the prognostic value of
both OPG and PgR

Because of the observed correlation of PgR and OPG gene
expression we also tested the prognostic value of PgR in the
different datasets. Surprisingly, we detected a prognostic
value of PgR mainly in those datasets for which we also
observed a prognostic value of OPG. To demonstrate this effect
a forest plot of Cox regression results for OPG is shown in
Figure 3A where the datasets are sorted according to the
observed hazard ratio of OPG. Figure 3B shows a correspond-
ing forest plot of the results for PgR with datasets sorted in
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the same order as in Figure 3A. We also exploratory pooled the
upper seven datasets in the figure which displayed a prog-
nostic effect (dataset pool #1 containing 882 ER positive sam-
ples) and the remaining 11 datasets (dataset pool #2
containing 1059 ER positive samples), respectively. Naturally,
these two arbitrary dataset pools showed a strong difference
regarding the prognostic value of OPG as shown in their sum-
mary measures presented as diamonds in Figure 3A. However,
as shown in Figure 3B a similar result was also obtained for
PgR with a HR of 0.47 (95% CI 0.36—0.61, P < 0.001) in dataset
pool #1 but a HR of 1.0 (95% CI 0.79—-1.32, P = 0.9) in dataset
pool #2 (Supplementary Table S5). For illustrative purpose
the results of the pooled groups are also presented in
Kaplan—Meier analyses in Supplementary Figure S4 for OPG
and Supplementary Figure S5 for PgR. The obtained results
were not related to differences in adjuvant treatment since
they were observed both within the subcohorts which ob-
tained endocrine treatment (Mihdly et al., 2013) and those
without adjuvant treatment (Supplementary Figure S6).

In the analyses so far we derived both OPG and PgR status
from mRNA expression as detected by microarray in order to
include a maximum number of samples. Thus, the similarity
in prognosis for both markers could be related to technical dis-
crepancies between the microarray data from the different
datasets and not to a biological background. However, as we
had previously shown (Karn et al., 2010) there was a reason-
able concordance with biochemical or immunohistochemical
(IHC) determination of PgR status and we found no systematic
difference between the dataset pools #1 and #2
(Supplementary Table S6). Importantly, when we used only
the PgR status from biochemical/THC assay for stratification
in Kaplan—Meier analysis we obtained a similar result as
above with a prognostic value in dataset pool #1 and no prog-
nostic value in dataset pool #2 (Supplementary Figure S7). This
result demonstrates that the observed differences between
the datasets are not related to technical discrepancies be-
tween microarray analyses but to clinical or biological differ-
ences of the analyzed patient cohorts.

3.5. Exploratory analyses of differences between cohorts

The observed cohort differences regarding the prognostic
value of both OPG and PgR did not extend to other prognostic
markers as for instance proliferation associated genes. As
shown in Supplementary Figure S8 the prognostic value of
Ki67 expression was similar in both dataset pools #1 and #2.
We next exploratory compared the clinical parameters of
the two dataset pools #1 and #2. As
Supplementary Table S7 we observed in dataset pool #1 signif-
icant higher proportions of lymph node negative (LNN) pa-
tients (85.7% vs 56.3%, P < 0.001), smaller tumors (<2 cm;
39.8% vs 17.5%, P < 0.001), and patients without adjuvant
treatment (57.1% vs 21.5% P < 0.001), among others, collec-
tively suggesting that dataset pool #1 is enriched in patients
with lower risk. Thus, to exclude a potential bias that may
be caused from different proportions of lymph node positive
patients we also restricted our analyses to LNN patients. The
analysis from Supplementary Table S7 was then repeated
within the subset of LNN patient (Supplementary Table S8).
Within this subset of 1267 LNN ER positive patients we

shown in

detected no difference for tumor size between dataset pool
#1 and #2. Nevertheless, as shown in the forest plots in
Figures 4A and 4B and in Supplementary Table S9 we still
detected a strong concordance of the differences between
dataset pools regarding the prognostic value of both OPG
and PgR in LNN patients.

3.6. Independent prognostic value of OPG and PgR

The concordance regarding the prognostic value of OPG and
PgR in different datasets could suggest that the two markers
may just be proxies for each other. Thus, to study this possibil-
ity we performed multivariate Cox regression analysis of sur-
vival including both OPG, PgR, and all standard parameters in
dataset pool #1. We used three different Cox models including
different variables (Table 2): (1.) Information on eight parame-
ters (age, lymph node status, tumor size, histological grading,
Her2 status, proliferation status as Luminal A vs B, PgR, and
OPG) was available for a total of only 303 of the 808 samples
from dataset pool #1. In this model only PgR status (HR 0.52,
95% CI0.35—0.77; P = 0.001) and the Luminal A vs. B distinction
(HR 0.51, 95% CI 0.33—0.79; P = 0.003) remained significant
while OPG (HR 1.56, 95% CI 0.99—2.45; P = 0.055) only trended
to significance. (2.) Leaving out tumor size, all the remaining
parameters were available for a total of 704 samples. In this
model four variables were significant: PgR status (HR 0.56,
95% CI 0.42—0.75; P < 0.001), the Luminal A vs. B distinction
(HR 0.46, 95% CI 0.34—0.62; P < 0.001), OPG (HR 1.80, 95% CI
1.31-2.47; P < 0.001), and age (HR 0.73, 95% CI 0.54—0.98;
P = 0.036; Table 2). (3.) Finally, when including only the three
most significant variables (PgR, Luminal A vs B, and OPG) in
amodel, data were available for all 882 samples from the data-
set pool #1. In this model all three parameters retained high
significance for an independent effect on survival (Luminal
A vs B, HR 0.45, 95% CI 0.35-0.59; PgR, HR 0.59, 95% CI
0.45—0.77; OPG, HR 1.74, 95% CI 1.31-2.33; all P < 0.001; Table
2). Similar results were also obtained when Ki67 as measure
for proliferation was used as a continuous parameter instead
of the binary distinction of Luminal A vs B (Supplementary
Table S11).

These results demonstrate that in those datasets where a
prognostic value of OPG and PgR was detected, the two param-
eters are no surrogate for each other or the proliferative status
of the tumor, but provide independent prognostic information.

4. Discussion

In the present study we set out to characterize the prognostic
value of the mRNA expression of RANK, RANKL, and OPG in
several larger microarray datasets of breast cancer. Surpris-
ingly, we found discrepant results on the prognostic value of
OPG in ER positive breast cancer between three different data-
sets. We therefore enlarged our samples size by including 4467
patients from a total of 40 datasets and thoroughly analyzed
potential reasons for these discrepancies. In the overall series
of 1941 ER positive breast cancers with follow up OPG was
clearly prognostic (HR 0.64, P < 0.0001; Figure 3 and
Supplementary Figure S3A). Nevertheless, we detected
considerable heterogeneity regarding the prognostic value of
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Table 2 — Multivariate Cox regression models among ER positive cancers from dataset pool#1. Significant P-values are given in bold.

Model 1 (n = 303)* n= HR 95% CI P-Value
Age >50 vs. <50 154 vs. 149 0.81 0.56—1.19 0.28
Lymph node status LNN vs. N1 303 vs. 0 = = =
Tumor size <2 cmvs. >2 cm 121 vs. 182 0.82 0.55-1.22 0.32
Grading G3 vs. G1/G2 155 vs. 148 0.94 0.64-1.37 0.75
HER2 Positive vs. negative 33 vs. 270 0.82 0.46—1.47 0.51
Subtype (Hugh et al.) Luminal A vs B 144 vs. 159 0.51 0.33—0.79 0.003
PgR Positive vs. negative 209 vs. 94 0.52 0.35-0.77 0.001
OPG High vs. low 109 vs. 194 0.64 0.41-1.01 0.055
Model 2 (n = 704)* i = HR 95% CI P-Value
Age >50vs. < 50 468 vs. 236 0.73 0.54-0.98 0.036
Lymph node status LNN vs. N1 959 vs. 109 0.80 0.51-1.24 0.31
Grading G3 vs. G1/G2 226 vs 478 1.16 0.87-1.55 0.33
HER2 Positive vs. negative 52 vs. 652 0.94 0.60—1.48 0.78
Subtype (Hugh et al.) Luminal A vs B 401 vs. 303 0.46 0.34-0.62 <0.001
PgR Positive vs. negative 528 vs. 176 0.56 0.42—-0.75 <0.001
OPG High vs. low 336 vs. 368 0.56 0.40-0.76 <0.001
Model 3 (n = 882)° n= HR 95% CI P-Value
Subtype (Hugh et al.) Luminal A vs B 504 vs. 378 0.45 0.35—-0.59 <0.001
PgR Positive vs. negative 655 vs. 227 0.59 0.45-0.77 <0.001
OPG High vs. low 418 vs. 464 0.57 0.43-0.76 <0.001

a In each of the three Cox regression models all patients were included for whom information on all the respective parameters were available

(number in parentheses).

OPG between different datasets. This heterogeneity could
neither be attributed to technical reasons nor to differences
in standard clinical parameters or treatments of the cohorts.
Moreover quantification by the I? metric (Higgins et al., 2003)
suggested that the heterogeneity may be just attributed to
chance. Interestingly however we detected similar cohort ef-
fects for PgR as for OPG (Figure 3B). PgR was prognostic in
the overall series (HR 0.72, P = 0.0004; Figure 3B) but showed
similar cohort effects either when measured by microarray
(Figure 3B, Supplementary Figure S5, Supplementary
Figure S6) or IHC (Supplementary Figure S7). Since a prog-
nostic value of PgR in ER positive breast cancer is known
(Grann et al.,, 2005; Dunnwald et al., 2007; Bauer et al., 2010),
we speculate that the heterogeneity may rather be attributed
to false negative observations in the cohorts not showing an
effect than false positive errors in those that do. Among
>150.000 patients from the SEER registry ER+/PgR- tumors
were associated with a HR of 1.46 (95% C 1.39-1.53) as
compared to ER+/PgR + tumors in multivariate analysis
(Grann et al., 2005). There are few studies on subcohort differ-
ences regarding the prognostic potential of PgR in ER positive
breast cancer. In a study from the California Cancer Registry a
profound effect of PgR status among ER positive tumors was
only seen in the lymph node positive subset (Bauer et al.,
2010). Thus nodal status could be a strong confounding factor.
However, we observed concordance of prognostic values of
PgR and OPG also and especially in lymph node negative pa-
tients (Figure 4 and Supplementary Table S9). A predictive
value of PgR for endocrine treatment in ER positive patients
was not observed in a recent patient-level meta analysis
(Davies et al., 2011) and two clinical trials (Viale et al., 2007;
Dowsett et al., 2008). Similarly, in our analysis we also
observed the concordance of the prognostic values of PgR

and OPG independent of endocrine treatment
(Supplementary Figure S6). The value of PgR status and its po-
tential to better define the luminal A subtype has been
brought up recently (Prat et al., 2013). In our study we used a
simple adaption of the luminal A vs luminal B distinction
based on the expression of Ki67 or HER2 (Hugh et al., 2009).
However, in the dataset pool #1 that showed a strong prog-
nostic effect for OPG and PgR in our study, all three parameters
(OPG, PgR, and Luminal A vs B) were independently associated
with prognosis in multivariate analysis (Table 2). This effect
was also still observed albeit less significant when including
those datasets that showed no prognostic effect of OPG and
PgR (dataset pool #2) in a combined analysis (Supplementary
Table S10). Thus, despite OPG and PgR displayed similar
cohort effects (in contrast to Ki67) they are not just simple
proxies for each other but provide independent prognostic in-
formation in multivariate analysis.

In those cohorts where we detected a prognostic effect, the
expression of OPG correlates with a better prognosis in ER pos-
itive breast cancer. In line with this result OPG would be sug-
gested mechanistically to inhibit bone metastasis. OPG has
been used experimentally to decrease bone resorption in
women with postmenopausal osteoporosis (Bekker et al.,
2001) as well as the treatment of bone metastasis (Body
et al., 2003). Further development of this strategy led to deno-
sumab an artificial counterpart of OPG which reduces the rate
of skeletal-related events in breast cancer (Stopeck et al., 2010;
Lipton et al.,, 2012). Thus it is intuitive to ask whether the
improved prognosis we observed might be especially related
to bone metastasis. Information on different metastatic sites
was available for only 242 ER positive patients. 197 patients
were from the Rotterdam dataset (out of dataset pool#1) and
45 patients from the NewYork dataset (out of dataset
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pool#2). All patients from Rotterdam but only 13 from the
NewYork dataset were lymph node negative. In the Rotterdam
dataset both OPG and PgR were prognostic when analyzing
either bone metastasis or lung metastasis while the number
of brain metastasis events was too small to reach significance
(Supplementary Figure S9). No prognostic value was detected
in the smaller NewYork dataset. Thus we obtained no evi-
dence for a specific prognostic value of OPG for bone relapse.

The use of retrospective datasets has been put forward
regarding the evaluation of biomarkers (Simon et al., 2009).
Thus, in a broader sense an important aspect of our study is
also that caution has to be applied when pooling multiple
gene expression datasets (Gyérffy et al., 2012; Gyorffy et al,,
2012). Resulting “batch effects” are widespread and of critical
impact (Leek et al., 2010). Several systematic biases may be
controlled (Karn et al., 2011) but others cannot easily be iden-
tified as e.g. the quality of the clinical information and poten-
tial selection bias. Therefore it is imperative, to carry the
original dataset allocations throughout all analyses and to
run controls for dataset bias repeatedly. Recent whole genome
sequencing studies demonstrate that cancer heterogeneity
continues on the mutational level with large numbers of indi-
vidual alterations per tumor (Koboldt et al., 2012; Banerji et al.,
2012). Thus, very large datasets will also be needed to answer
the complex questions about driver versus passenger muta-
tions, tumor cell heterogeneity (Shibata, 2012) as well as tu-
mor evolution (Burrell et al, 2013) and cohort bias will
probably become even more important here.
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