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ABSTRACT

Validating prognostic or predictive candidate gemesppropriately powered breast
cancer cohorts is of utmost interest. Our aim weaddvelop an online tool to draw survival
plots, which can be used to assess the relevanite @&xpression levels of various genes on
the clinical outcome both in untreated and trebiegdst cancer patients.

A background database was established using gepeession data and survival
information of 1809 patients downloaded from GEGQfyaetrix HGU133A and HGU133+2
microarrays). The median relapse free survival 43 §ears, 968/1231 patients are estrogen-
receptor (ER) positive, and 190/1369 are lymph-npdsitive. After quality control and
normalization only probes present on both Affymeplatforms were retained (n=22,277). To
analyze the prognostic value of a particular gehe,cohorts are divided into two groups
according to the median (or upper / lower quartgpression of the gene. The two groups
can be compared in terms of relapse free survxedrall survival and distant metastasis free
survival. A survival curve is displayed, and thezdra ratio with 95% confidence intervals
and logrank P value are calculated and displayefdlitddnally, three subgroups of patients
can be assessed: systematically untreated patemiecrine-treated ER positive patients, and
patients with a distribution of clinical characstits representative of those seen in general

clinical practice in the US. Web addregsvw.kmplot.com

We used this integrative data analysis tool to iconthe prognostic power of the
proliferation-related geneBOP2A andTOP2B, MKI67, CCND2, CCND3, CCNDE2, as well
asCDKNI1A andTK2. We also validated the capability of microarraysietermine estrogen
receptor status in 1231 patients. The tool is iglaluable for the preliminary assessment of
biomarkers, especially for research groups withtéchbioinformatic resources.



BACKGROUND

Biomarkers are a readily measurable set of parametéth directly applicable
information on the clinical course of cancer. Tlmstfbiomarkers were established at the
cellular, histological, or whole organism level.rFexample, tumor grade has traditionally
been regarded as an important indicator of breaster prognosis [1]. Also, Adjuvant!
Online, a SEER (Surveillance Epidemiology and EresuiRs — an authoritative source of
information on cancer incidence and survival in theited States) data—based algorithm,
integrates various clinical (age, nodal status) amlopathological parameters (estrogen
receptor, size, grade) in order to predict 10-yeartality rate in breast cancer [2,3]. With the
introduction of biomarkers such as estrogen recepbal HER2 in evaluating the clinical
course of breast cancer, biomarker discovery hftedhowards a more molecular level with
a large number of individual gene or protein expi@s levels being tested. To date numerous
additional genes have been suggested as beingleapatredict prognosis in breast cancer
[4]. This shift has also been further instigated thg fact that qualitative biomarkers are
usually difficult to assess in a consistent fashierg. the concordance of tumor grade

assessments by three independent pathologistssishian 50% [5].

Following the identification of new gene expressi@sed biomarkers various steps of
independent validations must be completed. Whiteatlimeasurement of gene expression
levels, e.g. by QRT-PCR, is the most reliable metteodo this, it is often desirable to test
few candidate genes without major further investmerorder to choose the most promising
candidates and eliminate those that are most lilcefil. Microarray cohorts combined with
appropriate clinical data offer exactly such a ceféective tool to prescreen potential new

biomarkers.

The accuracy of microarray based gene expressi@sumnements has been evaluated
by a wide array of diverse studies [6,7,8], leadingthe general conclusion that it is a
powerful surveyor of gene expression changes wtsehniitations are considered properly.
While absolute gene expression levels are hardttmate, relative gene expression levels can
be measured in a consistent fashion; thereforereinpnary test to evaluate prognostic
biomarkers based on their relative gene expredsi@is is a prudent exploitation of already

existing clinical microarray cohorts.



The Kaplan—Meier estimator (also known as the pcotdmit estimator) estimates the
survival function from life-time data. An importabéenefit of the Kaplan—Meier curve is that
the method takes into account "censored" data -sekd$rom the cohort before the final
outcome is observed (for instance, if a patienharidws from a study). When no truncation
or censoring occurs, the Kaplan—Meier curve is vaant to the empirical distribution [9].
The association between a clinical parameter @mhbarker) and survival can be visualized by
drawing a Kaplan-Meier plot in which patients anglitsinto groups according to the

parameter.

Our aim was to use the data generated in gene ssiprestudies to develop an online
survival analysis tool that can be used to asdessffect of single genes on breast cancer
prognosis. Since many of the current ASCO propgsetiferation-related genes [10] do not
hold sufficient evidence to be introduced in clalipractice, we also aimed to assess the
effect of their expression on survival. Finally, eealuated the capability of microarray data
to predict estrogen receptor (ER) status.

METHODS

A database was established using gene expressianddanloaded from GEO. For
this, the keywords “breast”, “cancer”, “gpl96”, antgpl570” were used in GEO

(http://www.ncbi.nlm.nih.gov/ge®/ Only publications with available raw data, obiai

survival information, and at least 30 patients wierduded. Only Affymetrix HG-U133A
(GPL96) and HG-U133 Plus 2.0 (GPL570) microarraysenconsidered, because they are
frequently used and because these two particutaysahave 22,277 probe sets in common.
The use of nearly identical platforms is importasibce different platforms for gene-
expression profiling measure expression of the sgane with varying precision, on different
relative scales, and with different dynamic ranffe§. An overview of the clinical data is
presented ofable 1

After an initial quality control, redundant sampl@s=384) were excluded [12]. The
raw .CEL files were MAS5 normalized in the R stidesl environmentwWww.r-project.orq

using the affy Bioconductor library [13]. MAS5 cée applied to individual chips, making

future extensions of the database uncomplicatededer, MAS5 ranked among the best



normalization methods when compared to the resfilRT-PCR measurements in our recent
study [8]. Then, only probes measured on both GPBE®& GPL570 were retained
(n=22,277). At this stage, we performed a secoradirgr normalization to set the average

expression on each chip to 1000 to avoid batcltestia4].

The Kaplan-Meier plotter is set up using a cergeler which can be reached over
the internet. The background database is handlesl MySQL server, which integrates gene
expression and clinical data simultaneously. Dataaded into the R statistical environment,
where calculations are performed. The package Ralfvis used to calculate and plot
Kaplan-Meier survival curves, and the number-dt-ris indicated below the main plot.
Hazard ratio (and 95% confidence intervals) anddok P are calculated and displayed. The

user receives the feedback over the webpage. Btensys summarized dfigure 1.

To determine expression of the ER gene ESR1, we tiieeresults from Gong et al.,
who found that the probe set 205225 at had theekigimean and median expression values,
the greatest range of expression values, and tbegsist correlation with clinical ER status,
and was therefore suggested for future ESR1 datatmons [15]. We also used their
suggested threshold of 500 to determine ER stdttiesamples.

When comparing data from Surveillance, Epidemiojagyd End Results (SEER), the
population-based tumor registry program of the dtatl Cancer Institute [16] to the overall
characteristics of the patients used in our amalgsily patients with all available clinical
data), some differences were observed. These differecmasl influence actual results when
interpreting the resulting Kaplan-Meier plot. ThHere, a randomization algorithm-selected
set of patients of similar, over-represented clihharacteristics were removed in making an
additional filter for the analysis.

RESULTS

We identified 1809 unique patients meeting ouredidt in GEO. The median relapse
free survival is 6.43 years, 968/1231 patientsesteogen-receptor positive by histological or
radioimmunoassay based evaluation, and 190/1369yamgh-node positive. Furthermore,
1593 patients have relapse free survival data, f#84 overall survival data and 767 have

distant metastasis free survival data.



To analyze the association between a queried gedesarvival, the samples are
grouped according to the median (or upper or loyuertile) expression of the selected gene,
and then the two groups are compared by a KaplaerMdot. Before running the analysis
the patients can be filtered using ER status, lymqdie status, and/or grade. Additionally, as
an alternative to relapse free survival, overatVsal and distant metastasis free survival can

be employed. The web addressvisw.kmplot.com

Many of the published microarray cohorts used paselection criteria corresponding
to the goals of the particular study. Thereforee fhatients in our database may not be
representative of breast cancer patients in gerigsalrs of our service may be interested how
a given gene is associated with outcome in a getedraomer” cohort, as might be seen in
the everyday clinical practice. For this we estdidd a patient cohort similar to SEER
published prevalences. The eliminated samples BRrpositive, node negative patients in all
three grades from different datasets. The resutgdgced database includes 500 patients, and
the prevalences of the individual breast cancetypals and clinical parameters are similar to

the actual US prevalence numbeéralfle 3).

A clinician might be interested in a specific ctial question related to the treatment of
the patients. Therefore, we established two optfonsadditional filtering: the first cohort
represents a truly prognostic setting (e.g. systeltyi untreated patients, n=809) and the

second cohort the endocrine-treated ER positiviemqat(n=414).

The ER status as determined by IHC was availabl@Z81 patients, which we used to
assess the efficacy of ER determination on thecarcay. The ER-positive samples (n=968)
had a markedly higher expression of the ESR1 gbae tid the ER negative samples
(n=263). OnFigure 2 we illustrate the distribution of ER positive aBR negative samples as
measured by microarray and IHC. 90.2 % of the ES&ltppe (945 out of 1048), and 89.8% of
ER negative (160 out of 183) predictions were airre

Markers of cell proliferation have been proposed awaluated as prognostic factors
in breast cancer. We computed Kaplan-Meier plotdife markers Ki67, cyclin D, cyclin E,
the cyclin inhibitors p27 and p21, thymidine kinaged topoisomerase Il to assess their effect

on prognosisTable 2andFigure 3).



DISCUSSION

The discovery of prognostic markers is a high pidask in breast cancer biomarker
research. In our study we combined raw data froversé studies; this enabled us to treat the
data as a single dataset which makes the use siingxialgorithms directly applicable. By
combining multiple datasets the statistical povgedriamatically increased. Prior to our work,
no suitable tool was available which could helpesiimate the prognostic value of any
selected gene in a large cohort of clinical pasiefrt our service, after dividing the patients
into two groups based on the expression of thecteglegene, a Kaplan-Meier plot is
generated. In this, 1809 patient are used all kegedf which 1593 have relapse free survival
data, 594 have overall survival data and 767 hatard metastasis free survival data. As our
service performs the requested analysis in rea tmthe original data, the extension of the
analysis (e.g. the inclusion of additional samlesltering for other clinical parameters) will

be easily feasible in the future.

Because gene expression arrays might be used tonedeR status, we implemented
an estimation of ER status based on gene expreslitm Previous studies have shown
significant correlation between mMRNA concentratiamsl routinely established (IHC based)
clinical ER status [17,18,19]. In the study of Gatgl. the same platform was used as in our
study[20]. They used immunhistochemistry to independentikeasure the ER status and to
establish a statistical threshold for ESR1 mRNAeldw assign ER status to tumor samples.
They suggested using an ESR1 mRNA cutoff valued0fto identify ER positive status with
an overall accuracy of 90%. By using the abovestiwil in the 1231 patients with available
ER status data, we also achieved overall accurb®9%. Thus, we confirmed the capability
to use microarrays to measure ER status. Becausepev®rmed a second scaling
normalization, the original MAS5 expression val(&s used in the study of Goegal.) were
slightly transformed. However, this transformatiomade it possible to compare gene
expression measurements made on two different am@y platforms. On our webpage, the
ER status for all patients can be assessed by ggmression, and this option increases the

number of patients available for ER-status depenclassification from 1231 to 1809.

Another important clinical question is the use abliferation-genes to predict
prognosis in breast cancer patients. A previoudyaisaof 32 papers could not allow the
inclusion of these markers on the list of ASCO-appd standard prognostic and predictive
factors due to methodological problems [21]. Inesrtb clarify these contradictory results we



computed Kaplan-Meier plots for the marké€kéKi67, CCND1, CCND2, CCND3, CCNEL1,
CCNE2, CDKN1B, CDKN1A, TK1, TK2, TOP2A and TOP2B) to assess their effect on
prognosis. We can confirm the prognostic valueMigfl67, CCND2, CCND3, CCNE2, and
CDKNI1A, as well asTK2. Both TOP2A and TOP2B had a very high predictive power.
However, the results o€CND1, CCNE1, CDKNI1B and TK1 were (although partially
significant) not convincing. Therefore, we suggds use of above prognostic genes as

measured using microarrays.

We must note a limitation of our approach: the ase¢he median (or upper/lower
quartile) sample for dividing the samples into highd low- expression groups. In principle,
a cutoff-free correlation analysis of gene expmssind survival data is possible using Cox
proportional hazard models. In this frame work,ngigance and hazard ratio could be
assessed, but no survival curves for a good armbagrognosis group could be drawn. The
advantage of the use of the median for splittintpésnegligible effect of outliers, which — due
to the high dynamic range of the microarrays — @a@driously skew the results when using
the mean. Moreover, median enables to have highiamexpression groups of virtually the
same size which enables the drawing of robust Kallaier plot. The determination of an
exact cutoff value for each transcript could immdhe results. However, in this case the
expression should be confirmed by independent misthdike RT-PCR or
immunhistochemistry to achieve a reliable correlatiSuch a fine-tuning — as it has been
done for the ESR1 gene in ovarian cancer [22] —tnies performed for each gene

individually and is therefore not in the scope oégent study.

Finally, we added a visual enhancement to the sena help to select the probe sets
with the best quality. The individual probes on fivebe selection drop-down menu have
background color, which represents the estimateityuof the probe set: green=excellent
(average expression of the probe set in the 18@i@nps is over 500), red=not reliable
(average expression < 100 AND maximal expressi@®d®), yellow=intermediate (all other

probes).

In summary, we developed a web service which isiolgpevaluating the prognostic
utility of 22,277 genes in 1809 breast cancer p#&ieand specifically used this tool to
evaluate the effect of the proliferation-relatednegg in breast cancer prognosis. The
integrative genomic analysis is still evolving; shfuture integration of additional forms of
data such as sequence, location, or copy numbeatieass might potentially add vital



additional information which will enable us to delr higher accuracy in prognosis

prediction.

ACKNOWLEDGEMENTS: B.G. was supported by a Bolyai fellowship. Z.S. wapported
by the Breast Cancer Research Foundation.



10.

11.

12.

13.

Reference list

Amat S, Penault-Llorca F, Cure H et al (2082arff-Bloom-Richardson (SBR)
grading: a pleiotropic marker of chemosensitivitynvasive ductal breast
carcinomas treated by neoadjuvant chemotherapy. @rtcol 20:791-796

Ravdin PM, Siminoff LA, Davis GJ et al (20@@9pmputer program to assist in
making decisions about adjuvant therapy for woméh early breast cancer. J
Clin Oncol 19:980-991

Olivotto 1A, Bajdik CD, Ravdin PM et al (200Bppulation-based validation of the
prognostic model ADJUVANT! for early breast canckClin Oncol 23:2716-
2725

Harris L, Fritsche H, Mennel R et al (2007) émcan Society of Clinical Oncology
2007 update of recommendations for the use of tunakers in breast cancer.
J Clin Oncol 25:5287-5312

Paik S, Shak S, Tang G et al (2004) A multgassay to predict recurrence of
tamoxifen-treated, node-negative breast cancemdN EMed 351:2817-2826

Draghici S, Khatri P, Eklund AC et al (20063IRbility and reproducibility issues in
DNA microarray measurements. Trends Genet 22:1®1-10

Shi L, Reid LH, Jones WD et al (2006) The Migrray Quality Control (MAQC)
project shows inter- and intraplatform reprodudipibf gene expression
measurements. Nat Biotechnol 24:1151-1161

Gyorffy B, Molnar B, Lage H et al (2009) Evation of microarray preprocessing
algorithms based on concordance with RT-PCR inaglrsamples. PLoS One
4:e5645

Kaplan EL, Meier P (1958) Nonparametric estiorafrom incomplete observations.
Journal of the American Statistical Associatiord53-481

Colozza M, Azambuja E, Cardoso F et al (200%)iferative markers as prognostic
and predictive tools in early breast cancer: wiaeeawve now? Ann Oncol
16:1723-1739

Tan PK, Downey TJ, Spitznagel EL, Jr. eR8@03) Evaluation of gene expression
measurements from commercial microarray platfoigleic Acids Res
31:5676-5684

Gyorffy B, Schafer R (2008) Meta-analysigyehe expression profiles related to
relapse-free survival in 1,079 breast cancer pati@reast Cancer Res Treat

Gautier L, Cope L, Bolstad BM et al (2004yafnalysis of Affymetrix GeneChip
data at the probe level. Bioinformatics 20:307-315

10



14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Sims AH, Smethurst GJ, Hey Y et al (2008) fidraoval of multiplicative, systematic
bias allows integration of breast cancer gene ega datasets - improving
meta-analysis and prediction of prognosis. BMC Nehomics 1:42

Gong Y, Yan K, Lin F et al (2007) Determinatiof oestrogen-receptor status and
ERBB2 status of breast carcinoma: a gene-expregsajiing study. Lancet
Oncol 8:203-211

Dunnwald LK, Rossing MA, Li CI (2007) Hormoreceptor status, tumor
characteristics, and prognosis: a prospective ¢afidireast cancer patients.
Breast Cancer Res 9:R6

Lacroix M, Querton G, Hennebert P et al (9(Bdirogen receptor analysis in primary
breast tumors by ligand-binding assay, immunocyoabal assay, and
northern blot: a comparison. Breast Cancer Rest Bie263-271

Pusztai L, Ayers M, Stec J et al (2003) Gexygession profiles obtained from fine-
needle aspirations of breast cancer reliably iffendutine prognostic markers
and reveal large-scale molecular differences betwest&ogen-negative and
estrogen-positive tumors. Clin Cancer Res 9:240624

Paik S, Tang G, Shak S et al (2006) Genesssmn and benefit of chemotherapy in
women with node-negative, estrogen receptor-pashieast cancer. J Clin
Oncol 24:3726-3734

Gong Y, Yan K, Lin F et al (2007) Determinatiof oestrogen-receptor status and
ERBB2 status of breast carcinoma: a gene-expregsadiing study. Lancet
Oncol 8:203-211

Colozza M, Azambuja E, Cardoso F et al (200%)iferative markers as prognostic
and predictive tools in early breast cancer: wiageawe now? Ann Oncol
16:1723-1739

rb-Esfahani S, Wirtz R, Sinn B et al (2008)r&gen receptor 1 mRNA is a prognostic
factor in ovarian carcinoma: determination by kin€CR in formalin-fixed
paraffin-embedded tissue. Endocr Relat Cancer

Bos PD, Zhang XH, Nadal C et al (2009) Gehasmediate breast cancer metastasis
to the brain. Nature 459:1005-1009

Desmedt C, Giobbie-Hurder A, Neven P et @0@ The Gene expression Grade
Index: a potential predictor of relapse for endoerireated breast cancer
patients in the BIG 1-98 trial. BMC Med Genomic4@:

Zhang Y, Sieuwerts AM, McGreevy M et al (2D0Be 76-gene signature defines
high-risk patients that benefit from adjuvant tamfex therapy. Breast Cancer
Res Treat 116:303-309

Schmidt M, Bohm D, von TC et al (2008) Thertmual immune system has a key
prognostic impact in node-negative breast cancanc€r Res 68:5405-5413

11



27.

28.

29.

30.

31.

32.

33.

34.

35.

Loi S, Haibe-Kains B, Desmedt C et al (20@&)dicting prognosis using molecular
profiling in estrogen receptor-positive breast @riceated with tamoxifen.
BMC Genomics 9:239

Desmedt C, Piette F, Loi S et al (2007) Syriome dependence of the 76-gene
prognostic signature for node-negative breast ¢gpetents in the
TRANSBIG multicenter independent validation serigbn Cancer Res
13:3207-3214

Loi S, Haibe-Kains B, Desmedt C et al (20D&jinition of clinically distinct
molecular subtypes in estrogen receptor-positieastrcarcinomas through
genomic grade. Journal of Clinical Oncology 25:1-2296

Minn AJ, Gupta GP, Padua D et al (2007) Lomggastasis genes couple breast tumor
size and metastatic spread. Proc Natl Acad ScilU184:6740-6745

Ilvshina AV, George J, Senko O et al (200a)é&Zie reclassification of histologic
grade delineates new clinical subtypes of breastara Cancer Res 66:10292-
10301

Miller LD, Smeds J, George J et al (2005)ekpression signature for p53 status in
human breast cancer predicts mutation status,dmatisnal effects, and
patient survival. Proc Natl Acad Sci U S A 102:1398555

Sotiriou C, Wirapati P, Loi S et al (2006)r8e=xpression profiling in breast cancer:
Understanding the molecular basis of histologiagre improve prognosis.
Journal of the National Cancer Institute 98:262-272

Wang YX, Klijn JGM, Zhang Y et al (2005) Geerpression pro-files to predict
distant metastasis of lymph-node-negative primaeast cancer. Lancet
365:671-679

Pawitan Y, Bjohle J, Amler L et al (2005) @exxpression profiling spares early

breast cancer patients from adjuvant therapy: ddrand validated in two
population-based cohorts. Breast Cancer ResedR953:R964

12



Table 1.Clinical properties of the microarray datasets usdtlie analysis.
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é 3 3 g S ~ = $2 | g
@) £ N S o TS ~ s 5 |5 88| ¢
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2 o 3: &= O + ©
GSE12276| GPL570 NA NA 204(100%) 2.2+1|8 NA NA NA 420| [23]
GSE16391| GPL570] 55(100% 33(60% 55(100%) 3.041.2 /35/28 61+9 NA 55 | [24]
GSE12093| GPL96 | 136(100%j) 0(0%) 20(15%)  7.7+B.2 NA| AN NA 136 | [25]
GSE11121| GPL96 NA 0 (0%) 46(23%)  7.8+4,2  58/136/B5NA 2.1+1 200 | [26]
GSE9195 | GPL570| 77(100% 36(47% 13(17%) 7.84R.5 2024 | 64+9| 2.4+1 77 | [27]
GSE7390 GPL96 | 134 (68% NA 91 (46% 9.3+5.6  30/83/8 467 | 2.2+0.8] 198 [28]
GSE6532 GPL96 70 (86%) 22 (27% 19 (23%) 6.1+B.1 54Q/ | 64+10| 25+1.2] 82| [29
GSE5327 GPL96 0(0%) NA 11(19%)|  6.8+3|1 NA NA NA 58 [30]
GSE4922 GPL96 1 0 0 12.17 1 69 2.2 1 [4
GSE3494 GPL96 | 213 (85% 84 (33% NA NA 67/128/54 +BR| 2.2+1.3| 251 | [32]
GSE2990 GPL96 73 (72%) 15 (15% 40 (39%) 6.6+3.9 /2@B6 | 58+12| 2.3+1.1 102| [33
GSE2034 GPL96 | 209 (73% 0 107 (37%) 6.5+8.5 NA NA AN| 286 | [34]
GSE1456 GPL96 NA NA 40 (25%)| 6.2+2]3  28/58/61 NA NA 159 | [35]
TOTAL 968 (78%) | 190 (15%) | 689 (43%) | 6.4+4.1 | 198/534/312 57+13 | 2.2+1.1 | 1809

1]

—

Parentheses: percentage of patients within theefata
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Table 2. The association between proliferation genes aiagse-free survival. The patients

were divided into two groups as having higher evdoexpression as compared to the

median.
Marker Gene Name Affymetrix ID HR RFS p
MKI167 antigen identified by 212020 s at 0.95 (0.82-1.1) 1
monoclonal antibody Ki-| 212021 s at 1.13(0.97-1.31 1
67 212022_s_at 1.8 (1.5-2.1) 1.14E-12
212023 s at 1.3(1.1-1.5) 0.0352
CCND1 cyclin D1 208711 s at 1.3 (1.1-1.5) 0.0374
208712 _at 1.07 (0.93-1.25) 1*
CCND2 cyclin D2 200951 s at 1.2 (1.0-1.4) 0.946
200952 s at 0.62 (0.53-0.72) 1.23E-08
200953 s at 0.68 (0.58-0.79) 9.02E-06
CCND3 cyclin D3 201700_at 0.7 (0.6-0.82) 0.000114
CCNE1 cyclin E1 213523 at 1.2 (1.1-1.4) 0.1518
CCNE2 cyclin E2 205034 at 2.5(2.1-2.9) <le-16
211814 s at 1.2 (1.0-1.3) 1
CDKN1B | cyclin-dependent kinase| 209112 _at 1.3 (1.1-1.5) 0.0132
inhibitor 1B (p27, Kip1)
CDKN1A | cyclin-dependent kinase| 202284 _s_at 0.68 (0.59-0.79) 1.21E-0%
inhibitor 1A (p21, Cipl)
TK1 thymidine kinase 1, 202338 _at 1.2 (1.0-1.4) 0.506
soluble
TK2 thymidine kinase 2, 204227 _s_at 0.53 (0.45-0.62) 7.26E-
mitochondrial 15*
204276 _at 0.67 (0.58-0.78) | 4.18E-06
204277 _s_at 0.81 (0.70-0.94 0.1496
TOP2A topoisomerase (DNA) 11| 201291_s_at 2.3 (2.0-2.7) <le-16
alpha 170kDa 201292_at 1.8(1.6-2.1) 2.05E-
13*
TOP2B topoisomerase (DNA) 11| 211987 _at 1.7 (1.5-2.0) 4.4E-11

beta 180kDa

RFS: relapse free survival, HR: hazard ratio, *Isaplan-Meier plots on Figure 3.
Bonferroni multiple testing correction was applighden generating the p value.
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Table 3.Overall clinical characteristics of the patiemtour database, and the subset

designed to match US prevalences are comparedE® $&ported US prevalences.

Prevalence-
all* matched subset | SEER
n % n % %

ER+ 774 87.8% 412  82.4% 76.3%
ER- 108 12.2% 88 17.6% 23.7%
node+ 176 20.0% 168 33.6% 36.5%
node- 706 80.0% 332  66.4% 63.5%
grade 1 166 18.8% 86 17.2% 17.1%
grade 2 469 53.2% 219 43.8% 44.0%
grade 3 247 28.0% 195/ 39.0% 38.9%
total n 882 500

* only samples for which all clinical data was dahle simultaneously
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Figure 1. Flowchart of the Kaplan-Meier drawer
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Figure 2. Box plot showing normalized expression of ESRDlgerset 205225 _at) in 1231
tumors divided into two groups based on the IH@ulssis of ER (1=ER positive, n=968;
0=ER negative, n=263).
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Figure 3. The good prognostic effect of the over expres3ika (A: 204227_s_atand the
lower expression of TOP2A (BR01292_gtare highly significant. The expression of Cyclin
D1 is not correlated to prognosis at all @Q08712_at
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