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Supplemental Appendix 

1. Detailed description of assay methods in FFPE tissue 

This section describes the assay methods used for FFPE tissue of the training set 

and the validation cohorts. The methods for training and validation were the same 

unless stated differently. 

 

1.1 RNA isolation from FFPE tissue 

RNA was isolated from one 5 or 10 µm formalin-fixed paraffin-embedded (FFPE) 

whole tissue section using a fully automated isolation method based on silica-coated 

magnetic beads in combination with a robotic Tissue Preparation System and 

VERSANT Tissue Preparation Reagents (both Siemens Healthcare Diagnostics, 

Tarrytown, US) as described earlier [LS1-LS3]. The method has fully-automated 

extraction-integrated deparaffinization and DNase I digestion steps. DNA-free total 

RNA from one FFPE section was finally eluted with 100 µl elution buffer and stored at 

-80°C. For the assessment of DNA contamination in the respective RNA extract, a 

PAEP gene-specific qPCR without addition of reverse transcriptase was performed 

using the reagents of the SuperScript III PLATINUM One-Step Quantitative RT-PCR 

System with ROX (Invitrogen, Karlsruhe, Germany) as described in the next section. 

Samples were considered to be substantially free of DNA when Cq(PAEP) values 

were not below 38. In case of DNA contamination samples were manually re-

digested by DNase I treatment. The extraction success rate of the up to 20 years old 

FFPE sections from ABCSG-6 and ABCSG-8 allowing subsequent RT-PCR was 

>98% (Figure S7).  

 

1.2 Gene expression analysis using quantitative reverse transcription 

PCR (RT-qPCR) 

Expression of the genes in FFPE tissue (training cohort and both validation cohorts) 

was assessed by quantitative one-step reverse transcription PCR (RT-qPCR) using 

the SuperScript III PLATINUM One-Step Quantitative RT-PCR System with ROX 

(Invitrogen, Karlsruhe, Germany) according to manufacturer’s instructions in 384-well 

plates in an ABI PRISM 7900HT (Applied Biosystems, Darmstadt, Germany) with 30 

min at 50°C, 2 min at 95°C followed by 40 cycles of 15 sec at 95°C and 30 sec at 

60°C. In each assay 0.5 µl sample RNA was included. Primer and probes are listed 

in table S2. The sequences were selected on the basis of empirical rules and with the 
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help of the Primer Express software (V2.0.0, Applied Biosystems, Darmstadt, 

Germany). 

For assessment of gene expression in training and validation cohorts all assays were 

performed in triplicate to ensure robustness and enable outlier removal (see below). 

To assure accuracy of the assays a standardized reference RNA (Stratagene qPCR 

Human Reference Total RNA, Agilent Technologies, Waldbronn, Germany) was 

tested for each gene in parallel to the FFPE samples. For exclusion of contamination 

no-template-controls were assessed in parallel as well. Absolute expression levels 

(Cq values) were calculated as Ct values using SDS software 2.2 (Applied 

Biosystems). Relative expression levels of genes of interest (GOI) were calculated as 

∆Cq values with regard to the reference genes:  

∆Cq = 20 - Cq(GOI) + Cq(mean of reference genes) 

 

Quality control was performed for individual genes of interest: From an independent 

large data set of replicate measurements, we constructed a “noise model” that 

estimates the variance of replicate-to-replicate noise from the Cq value. Based on 

this noise model, we identified and removed outliers within replicates. An outlier 

replicate was defined by differing more than three model-predicted standard 

deviations from the other replicates. This procedure is crucial to yield reliable 

measurements and requires at least three replicates for each sample and gene. 

Based on the same noise model, we estimated the repeatability variance of the ∆Cq 

value by applying the model to the replicates of the GOI and the reference genes. 

The estimated ∆Cq value variance is very closely correlated to the total mRNA 

amount, thus in good approximation, this quality measure ensures a sufficient total 

mRNA amount. In the training set a ∆Cq value was declared invalid and removed 

from the data if its estimated variance was above 1.0. For validation of the fixed, 

predefined algorithm variances of the EP scores were calculated from variances of 

the ∆Cq values. On the training set a quality criterion was defined on the EP score 

instead of the ∆Cq values: EP scores with calculated variance of the unscaled score 

of more than 0.47 were declared invalid.  
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2. Training of EP and EPclin Risk Scores 

 

2.1 Overview 

The Endopredict (EP) algorithm was constructed in four sequential steps using 6 

different patient cohorts. We started with all 22,283 probe sets of the Affymetrix HG-

U133a array as potential variables for prediction of distant recurrence in women with 

estrogen receptor (ER)-positive, HER2-negative breast cancer (luminal subtype) 

treated with adjuvant endocrine therapy and reduced them subsequently in each step 

to come out with a multivariate algorithm based on normalized quantitative reverse 

transcription PCR (RT-qPCR) values. All samples used for the development of the 

algorithm were taken from patients who received adjuvant tamoxifen only. Details of 

the patient cohorts and samples are shown in Table S1. The four steps of the 

algorithm construction are described below (section 2.4). 

 

2.2 Affymetrix Data for training of EP 

Fresh-frozen (FF) tumors (n=253) obtained from the University Medical Center 

Hamburg-Eppendorf, University Clinic of Mainz and J.W. Goethe University Frankfurt 

were profiled on HG-U133A arrays. In brief, starting from 5 µg total RNA, labeled 

cRNA was prepared using the Roche Microarray cDNA Synthesis, Microarray RNA 

Target Synthesis (T7) and Microarray Target Purification Kit (Roche Applied Science, 

Mannheim, Germany), according to the manufacturer’s instructions. Raw .cel file data 

were processed by MAS 5.0 software (AFFYMETRIX, Santa Clara, CA). In the 

analysis settings, the global scaling procedure was chosen which multiplied the 

output signal intensities of each array to a mean target intensity of 500. Throughout 

the text below all expression values and respective thresholds from fresh frozen 

material measured by HG-U133A arrays refer to TGT500 scaling. Samples from 

additional HG-U133A datasets GSE6532 (n=130) [LS4] and GSE12093 (n=130) 

[LS5] were retrieved from the NCBI website (http://www.ncbi.nlm.nih.gov/geo/). The 

Affymetrix data used for training of EP are deposited at the NCBI in the GEO 

database under accession number GSE26971. 

 

2.3 RT-qPCR data for training of EP 

Expression of genes in FFPE tissue of the training cohort was assessed in triplicates 

by RT-qPCR as described in section 1 of the supplementary appendix. Relative 

expression levels of genes of interest (GOI) were calculated as ∆Cq values using 

PPIA and CALM2 as reference genes:  
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∆Cq = 20 - Cq(GOI) + (Cq(PPIA) + Cq(CALM2)) / 2.  

Quality control was performed for individual genes of interest as described in section 1. 

 

2.4 Construction of EP algorithm 

Step 1 – selection of 4187 out of 22,283 probe sets from Affymetrix array 

The use of MAS5.0 as preprocessing algorithm requires stringent quality control in 

order to remove low quality expression values. We defined conditions to select probe 

sets based on the univariate expression value distribution within our set of samples 

(n=414). To include a probe set into our “informative gene list” we required  

 at least 1% of the samples to have a present call,  

 an expression at the 90th percentile of at least 350,  

 and a dynamic range (defined as the ratio between the 90th and 10th 

percentile) of expression to be 2.0 or more.  

Among the 22,283 probe sets available on the HG-U133A array 4,164 probe sets 

fulfilled these conditions. Besides, 23 probe sets representing genes with published 

relevance for breast cancer prognosis were added yielding a final list of 4187 probe 

sets for further analysis (Table S1). 

 

Step 2 – Selection of 104 candidate genes out of 4187 

Since the target population for our prognostic score is ER positive and HER2 

negative, we restricted all analyses to tumors classified as ESR1 positive and ERBB2 

negative according to mRNA expression of ESR1 and ERBB2 in Affymetrix data sets. 

Therefore only samples with expression values higher than the pre-specified cutoff of 

1000 for probe set 205225_at (ESR1) and lower than 6000 for probe set 

216836_s_at (ERBB2) were considered as ESR1 positive and ERBB2 negative. The 

cutoff values were chosen as published before [LS6]. These inclusion criteria were 

applied due to lack of immunohistochemistry (IHC) data for the training set. For the 

validation cohort, we used IHC- and FISH-based inclusion criteria instead.  

Within the subcohort of ESR1-positive and ERBB2-negative tumors, we performed 

hierarchical clustering and principal component analysis (data not shown) in order to 

elucidate expression patterns in relation to clinical parameters and outcome. 

Furthermore, we applied a log2 transformation to the Affymetrix data and performed 

univariate and bivariate (with TOP2A, a proliferation motif representative) Cox 

regression analysis using time to distant recurrence as endpoint. Genes were ranked 

considering p-values of uni- and bivariate Cox regression, analytical parameters 

(absolute expression level and dynamic range of expression values), and 
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representation of different co-expression modules. Based on these criteria genes 

were filtered resulting in 104 candidate genes (Table S1) selected for further steps of 

algorithm construction. 

 

Step 3 Transformation of fresh-frozen/Affymetrix-based to FFPE/RT-

qPCR-based expression values and selection of 63 genes for final 

training 

Transformation of results generated on fresh-frozen tissue employing Affymetrix 

arrays to a qPCR-based format generated on FFPE tissue was done for two reasons: 

Fresh-frozen material is rare and difficult to collect: Being able to increase the finding 

cohort’s size with significant numbers of FFPE samples like from our Stuttgart- and 

Mainz-cohorts was likely to result in an improvement of the algorithm’s performance 

and robustness [LS7]. Also the utility of an algorithm to work on FFPE samples was 

perceived much higher for clinical use; collecting and processing FFPE tissue is 

more compatibility with established sample handling procedures. 

Accordingly, we developed a method to mathematically transform fresh-

frozen/Affymetrix-based expression values to FFPE/RT-qPCR-based expression 

values and vice versa. This method was developed based on 159 patients of the 

Mainz cohort with paired fresh-frozen and FFPE sample material available. 

For each of the 104 candidate genes from step 2, we designed primers and probes 

and tested their performance in terms of amplification efficiency. For 66 genes high-

performing primers-probe pairs were found.  

Expression levels of all 66 genes were measured by RT-qPCR in all samples of the 

Mainz cohort as described in section 2.3 of the supplementary appendix. In addition, 

Affymetrix expression values were available for all of these samples (n=159). For 

each gene with QC-passed ∆Cq values a platform transfer model was developed. At 

first, all Affymetrix values below 20 were set to 20 and then the logarithms (base 2) 

were calculated. Visual inspection showed a linear relation between ∆Cq values and 

logarithmized Affymetrix values (Figure S1). We rejected all genes with a Pearson 

correlation coefficient between ∆Cq and logarithmized Affymetrix values smaller than 

0.5; the remaining 63 genes are listed in Table S3. For a symmetric linear mapping of 

analytical results assayed on different platforms we calculated z-transformations and 

combined them into a linear mapping:  

log2(Affym.) = a · ∆Cq + b 

 

with model parameters a and b calculated from the matched samples: 
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a = std(log2(Affym.)) / std(∆Cq) 

b = mean(log2(Affym.)) - mean(∆Cq) · a 

 

Step 4 – Final training and threshold definition of EP 

Finally, RNA was isolated from additional FFPE tumor tissue obtained from the 

University Clinic of Mainz and the Dr. Margarete Fischer-Bosch-Institute of Clinical 

Pharmacology in Stuttgart. All patients had received only tamoxifen as adjuvant 

treatment. The expression of the 63 candidate genes was determined by RT-qPCR 

as described above, ∆Cq were converted to log2(Affym.) values according to step 3. 

ESR1-negative as well as ERBB2-positive tumors, as determined according to the 

procedure used in step 2 (and for RT-qPCR processed samples transferred 

according to step 3), were excluded. The endpoint used for algorithm training was 

distant recurrence. 

 

Algorithm Construction Procedure 

We observed slight differences in expression value distribution and baseline distant 

recurrence risk between the cohorts. Therefore, we kept the cohorts separate during 

training. As an exception, due to their small size, we combined the cohorts from 

Hamburg and Frankfurt, resulting in a total of five cohorts employed for training 

(Hamburg + Frankfurt, Mainz, GSE6532, GSE12093, Stuttgart).  

The algorithm was designed as a committee predictor consisting of a fixed number of 

members. Each member is a linear combination of a few input variables. Committees 

as well as low-dimensional linear combinations of input variables are known to yield 

powerful and robust prediction algorithms. To ensure pair-wise statistical 

independence of committee members, we restricted the input variables to be used by 

at most one member. We used a so-called greedy approach: The first member was 

trained on all input variables. Then, among the input variables those variables were 

removed that had been selected by the first member and the second member was 

trained using the remaining variables. This process was continued until the defined 

number of members was reached or no more variables were selected. 

We performed Cox proportional hazards regressions on our five training cohorts 

independently and then combined all results into one unique coefficient per variable. 

More precisely, we estimated Cox regression coefficients and their confidence in 

terms of the coefficient variance estimates for each cohort individually. Then, with 

these two numbers for each cohort and each variable, we estimated the true 

coefficient for each variable based on a maximum likelihood approach. This results in 
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a weighted average of the per-cohort regression estimates where weights are the 

reciprocal coefficient variances. In addition, we applied a Wald test to the same 

numbers, which was generalized to an arbitrary number of cohorts. The null 

hypothesis of this generalized Wald test was: The true Cox coefficient does not 

depend on the cohort. Variables for which the null hypothesis was rejected with 

respect to some significance level PWald were not used in the algorithm because we 

considered them to be unreliable. 

Based on this procedure for describing the (multivariate) behavior of variables on the 

training data, we constructed committee members as follows. For a fixed set of 

selected variables the member is a linear combination of them and the linear 

coefficients are the Cox regression estimates from the above procedure. The set of 

variables is determined by an iterative approach that adds useful variables and 

removes useless variables during each iteration. We started the training of a 

committee member with no preselected variables. Within each iteration, we added 

the variable with the highest significance of its coefficient different from zero. The 

significance was determined by multivariate Cox regression of the variable together 

with the already selected variables from the estimated coefficient and its confidence 

(two-sided p-value with normal distribution assumption). Variables being significant in 

the Wald test as described above were not taken into account and thus not added to 

the member. The most significant variable was only added if the P-value was below 

some significance level Pprog. This helps to avoid too many variables in the algorithm. 

After adding a variable, a multivariate Cox regression was performed to test whether 

all selected variables were still significant with respect to the same level Pprog: 

Insignificant variables were removed from the set of selected variables. We rarely 

observed that a variable became insignificant by adding another variable. Figures 

S2S2 and S3 describe this procedure using a pseudo-code language. 

 

Cross Validation 

The procedure above describes the construction of an algorithm if the number of 

committee members N, the maximum number of variables per member M, and the 

significance levels PWald and Pprog are fixed. These four parameters determine the 

complexity of our algorithm and must therefore be chosen carefully to avoid over- as 

well as underfitting. We added a fifth parameter that is related to the platform transfer 

(step 3): We preferred genes that were highly correlated between the Affymetrix and 

the RT-qPCR measurement as we believe them to be more reliable. We defined 

parameter ccorr as the minimum required Pearson correlation coefficient. 
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We optimized our five parameters using cross validation. Only those samples were 

used that were found to be ESR1 positive and ERBB2 negative, and for which each 

of the 63 candidate genes was either Affymetrix-measured or has passed the RT-

qPCR quality control (n=930). Because cohorts differed slightly, we used a method 

that could be described by “leave-one-cohort-out”. For each set of parameter values 

we performed five runs: One cohort was defined to be the test set, an algorithm was 

trained from the remaining four cohorts, and its performance was evaluated on the 

test cohort. Performance was defined as the area under the ROC curve (AUC) and 

the performance of a parameter value set was calculated by weighted average of the 

AUCs of all five runs, where the weights were chosen as the number of samples in 

the corresponding test cohort. 

Based on the cross validation results, we decided not to use more than 8 genes for 

the whole algorithm. Under this constraint, we found the optimal parameters to be 

N=4 committee members, M=2 variables per member, PWald=0.02, Pprog=0.01 and ccorr 

=0.7. 

 

Final Training 

Using the optimal parameter values from the cross validation, we trained the final 

(unscaled) risk score based on all five cohorts using the procedure described in 

figure S3. With ccorr =0.7 only 40 genes were left and the number of ESR1-positive 

and ERBB2-negative samples with QC-passed analytical results for all selected 

genes was 964. Among these 131 distant recurrences were observed and the mean 

follow-up time was 91.1 months. 

The algorithm was generated as follows: 

 risk1 = 0.41 · BIRC5 - 0.35 · RBBP8 - 1.20 

 risk2 = 0.39 · UBE2C - 0.31 · IL6ST + 1.19 

 risk3 = -0.26 · AZGP1 + 0.39 · DHCR7 - 1.63 

 risk4 = -0.18 · MGP - 0.15 · STC2 - 0.99 

 unscaledRisk = risk1 + risk2 + risk3 + risk4 

The structure of the final EP risk score is indicated in Figure S4. Figure S5A shows 

the distribution of the unscaled score in the finding cohorts. 

The annotations of the genes of interest of EP to biological processes according to 

Gene Ontology (GO) are summarized in Table S4. The genes of interest cover 

different biological processes such as proliferation, apoptosis, cell adhesion, and cell 

signaling. In addition, five of the genes are known to be associated with ER 

expression. 
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Robustness of Algorithm 

The EP prediction score is very robust against noise and errors of Ct values since it 

combines the expressions of several genes linearly. As already suggested, the 

performance of prognostic algorithms is determined by coverage of the biological 

processes relevant for disease outcome rather than specific genes [LS8]. 

Accordingly, a comparable prognostic or predictive performance can be obtained by 

employing different genes with similar biological functions. This is also illustrated by 

the fact that apparently small variations to a finding cohort may change the selection 

of genes as members of a diagnostic algorithm.  

Probing these variations in our finding cohorts caused algorithm genes to be 

replaced sometimes by highly correlated genes. This indicates that the selection and 

weighting of groups of correlated genes is robust while there is a plurality of solutions 

to the problem of defining algorithm members. Accordingly, picking an optimal gene 

may not so much be defined by its unique biological function but rather on how well it 

can be implemented on a specific diagnostic platform. Table S5 shows candidate 

genes from our training data for potential substitution of EP genes. 

Moreover, to increase robustness a transfer from two reference genes to the three 

final reference genes CALM2, OAZ1, and RPL37A was conducted for the final EP 

score in the training cohort. Equivalency between the mean of the two reference 

genes (i.e. (Cq(PPIA) + Cq(CALM2)) / 2 on one hand) and the mean of three 

reference genes (Cq(CALM2) + Cq(OAZ1) + Cq(RPL37A)) / 3 on the other hand) 

was shown in an independent cohort (n=249). 

 

Threshold definition and scaling of EP 

To discriminate patients into low risk and high risk, we defined a threshold based on 

the training data. The threshold should result in a high sensitivity, a high specificity, a 

good balance between them and a high robustness within these aims. Therefore, we 

examined the Youden index of the unscaled EP risk score with a step size of 0.1 

(Figure S5B) and identified an interval where the lower confidence bound of the 

Youden index was above a certain level. This interval was found at [-10.4, -8.2] and 

we chose the mean value of -9.3 as our threshold. 

The unscaled EP risks were negative for all samples (Figure S5A). For a more 

intuitive scoring, we defined the final, scaled EP risk score by linear transformation. 

The scaled scores are designed to fit the interval from 0 to 15 and the threshold to 

transform to 5. The scaled EP risk is 

 s = 1.5 · unscaledRisk + 18.95. 
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If s < 0 (observed for 5 training samples) then s is set to 0; if s > 15 (observed for 3 

training samples) then s is set to 15. This gives a score range from 0 to 15. 

The calculation of the final pre-specified score for validation is described in equations 

A – C of the main manuscript. 

 

2.5 Training and threshold determination of EPclin 

Algorithm EPclin (score sclin) including its threshold to discriminate low risk from high 

risk was also constructed on the training data set. It was trained using the same 

procedure as used for EP based on clinical variables and EP (Figure S3). EP was the 

most significant variable and selected first, then nodal status, then tumor size. 

Variables age and grade did not contribute significantly and were therefore not 

included into the EPclin score. Ki67 was not available in the training cohort. The final 

EPclin score was found as 

 sclin = 0.35·t + 0.64·n + 0.28·s, 

where t codes for tumor size (1: ≤1 cm, 2: >1 cm to ≤2 cm, 3: >2  cm to ≤5 cm, 4: >5 

cm), and n for nodal status (1: negative, 2: 1 to 3 positive nodes, 3: 4 to 10 positive 

nodes, 4: >10 positive nodes). 

The threshold is designed to correspond to a 10% probability of developing a distant 

recurrence within 10 years after surgery. To numerically calculate the threshold, we 

constructed a model associating the EPclin score to the probability of distant 

recurrence (Figure S6) [LS9]. Based on this model the threshold was determined at 

3.3. 

A web-based implementation to process analytical PCR results into EP- and EPclin-

scores can be found at: http://forschung.medizin.uni-mainz.de/epreport/ 

 

 

3. Details of Statistical Analyses 

 

3.1 Coding of variables and primary endpoint 

Variables were coded according to Table S6. Except where indicated differently we 

used the same coding for all analyses as well as for calculation of EPclin. 

Discretization was necessary for the variables “tumor size” and “nodal status” 

because in the training cohort the exact size of the tumor and/or the exact number of 

positive lymph nodes was not available for most samples. Since the TNM 

classification (including sub-classification of tumor size into T1a, T1b and T1c) was 
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available for the majority of samples we used this coding. Classes T1a and T1b for 

the tumor size were combined because of the very small number of T1a tumors. 

The primary endpoint of the statistical analysis was distant recurrence. Locoregional 

events have not been taken into account (patients have not been censored at the 

time of locoregional recurrence). 

 

3.2 Unbiased c-index estimates for combinations of variables 

We used the c-index as the measure of prognostic performance [LS10]. Compared to 

the area under the ROC curve (Figure S8) it offers higher statistical power because it 

is more sensitive to the order of events and considers all of them, and it does not 

depend on an (arbitrary) observation time point. 

The c-index estimate of a set of variables (e.g. the combination of the 

Adjuvant!Online score and the EP score) was calculated as described in [LS11]: 

Variables were combined linearly with coefficients determined by Cox regression. 

Estimates of the c-index were calculated within a 3-fold cross validation based on 

3x10,000 simulations. This procedure avoids any fitting bias, because within each of 

the 10,000 CV simulations the Cox regression was calculated on two thirds of the 

samples while the c-index was calculated on the remaining one third. 

 

3.3 P-values for addition of information 

P-values to assess whether the EP score contains additional information on distant 

recurrence with respect to a fixed set of variables X are one-sided and based on a 

permutation test (“exact test”, [LS12]) of the following configuration: 10,000 random 

permutations were evaluated. The null hypothesis was “EP is statistically 

independent of outcome, i.e. EP is a non-informative variable”. The test statistic was 

the c-index of the linearly combined variables X and EP, where the linear coefficients 

were calculated by Cox regression (separately in each of the 10,000 random 

permutations). 
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Table S1. Steps in the development of EP and the usage of patient cohorts in these 

steps. 

 

Step Step 1 Step 2 Step 3 Step 4 

#Probe sets/genes 22283  4187 4187  104 104  63 63  8 

Methods of 

probe set/gene 

selection 

sufficient 

expression and 

dynamic range, 

(unsupervised, 

univariate 

selection) 

p-value rank 

after Cox 

regression, 

biological 

rationale (motif 

representation),

literature 

platform 

transfer: FF/ 

Affymetrix to 

FFPE/RT-

qPCR 

committee 

construction 

 

 

 

 

Cohort (part) 

Sample 

selec- 

tion 

 

Platform 

all samples ESR1+/ERBB2- 

tumors, distant 

recurrence 

information 

available 

Affymetrix 

and RT-

qPCR data 

available 

ESR1+/ERBB2- 

tumors, distant 

recurrence 

information 

available 

Hamburg  Affymetrix n=100 n=78  n=78 

Frankfurt Affymetrix n=50 n=40  n=40 

Mainz I Affymetrix n=103 n=94 n=94 

n=65 

n=193/206/252*

II Affymetrix   

I + II RT-qPCR   n=159 

GSE6532  Affymetrix n=161 n=130  n=130 

GSE12093  Affymetrix  n=130  n=130 

Stuttgart RT-qPCR    n=359/380/412*

 

Cohort GSE12093 was downloaded after performing step 1, subcohort Mainz II was 

delivered after completion of step 2. 

*The first number represents the samples with values available for all 63 genes (used 

for cross validation), the second number represents the samples with values 

available for those genes with platform transfer correlation above ccorr (used for final 

training), the third number represents samples with values available for the 8 genes 

of the EP score (used for threshold determination). 
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Table S2. Primer and probe sequences (5’->3’) 

 

Gene name NM number Function Probe Forward primer Reverse primer
BIRC5 NM_001168 GOI AGCCAGATGA

CGACCCCATA
GAGGAACA

CCCAGTGTTT
CTTCTGCTTC
AAG

CAACCGGACG
AATGCTTTTT

RBBP8 NM_203291 GOI ACCGATTCCG
CTACATTCCA
CCCAAC

AGAAATTGGC
TTCCTGCTCA
AG

AAAACCAACTT
CCCAAAAATT
CTCT

UBE2C NM_007019 GOI TGAACACACA
TGCTGCCGAG
CTCTG

CTTCTAGGAG
AACCCAACAT
TGATAGT

GTTTCTTGCA
GGTACTTCTT
AAAAGCT

IL6ST NM_002184 GOI CAAGCTCCAC
CTTCCAAAGG
ACCT

CCCTGAATCC
ATAAAGGCAT
ACC

CAGCTTCGTT
TTTCCCTACTT
TTT

AZGP1 NM_001185 GOI CACCAGCCAC
CAGGCCCCAG

TCCTGGACCG
GCAAGATC

TAGGCCAGGC
ACTTCAGTTT
C

DHCR7 NM_001360 GOI TGAGCGCCCA
CCCTCTCGA

GGGCTCTGCT
TCCCGATT

AGTCATAGGG
CAAGCAGAAA
ATTC

MGP NM_000900 GOI CCTTCATATC
CCCTCAGCAG
AGATGG

CCTTCATTAAC
AGGAGAAATG
CAA

ATTGAGCTCG
TGGACAGGCT
TA

STC2 NM_003714 GOI TCTCACCTTG
ACCCTCAGCC
AAG

ACATTTGACA
AATTTCCCTTA
GGATT

CCAGGACGCA
GCTTTACCAA

ESR1 NM_000125 subtype 
definition

ATGCCCTTTT
GCCGATGCA

GCCAAATTGT
GTTTGATGGA
TTAA

GACAAAACCG
AGTCACATCA
GTAATAG

ERBB2 NM_004448 subtype 
definition

ACCAGGACCC
ACCAGAGCGG
G

CCAGCCTTCG
ACAACCTCTA
TT

TGCCGTAGGT
GTCCCTTTG

CALM2 NM_001743 reference TCGCGTCTCG
GAAACCGGTA
GC

GAGCGAGCTG
AGTGGTTGTG

AGTCAGTTGG
TCAGCCATGC
T

PPIA NM_021130 reference TGGTTGGATG
GCAAGCATGT
GGTG

TTTCATCTGC
ACTGCCAAGA
CT

TATTCATGCC
TTCTTTCACTT
TGC

OAZ1 NM_004152 reference TGCTTCCACA
AGAACCGCGA
GGA

CGAGCCGACC
ATGTCTTCAT

AAGCCCAAAA
AGCTGAAGGT
T

RPL37A NM_000998 reference TGGCTGGCGG
TGCCTGGA

TGTGGTTCCT
GCATGAAGAC
A

GTGACAGCGG
AAGTGGTATT
GTAC

PAEP NM_002571 DNA control AAGCCCTCAG
CCCTGCTCTC
CATC

CACAGAATGG
ACGCCATGAC

AAACCAGAGA
GGCCACCCTA
A

 



16 
 

Table S3. Platform transfer models and performance 

 

Gene name Probe set n c a b Gene name Probe set n c a b

ABAT 209459_s_at 157 0.83 1.14 -7.6 IL6ST 212196_at 159 0.71 0.81 -5.0
ADRA2A 209869_at 157 0.64 0.60 -0.8 INPP4B 205376_at 157 0.77 0.93 -6.8
APOD 201525_at 158 0.72 0.77 -2.7 KRT15 204734_at 157 0.79 0.91 -6.2
ASPH 210896_s_at 155 0.72 0.91 -4.8 KRT5 201820_at 151 0.68 0.57 -0.9
AURKA 204092_s_at 158 0.67 0.80 -2.4 LTF 202018_s_at 150 0.88 0.86 -2.1
AZGP1 209309_at 158 0.79 0.67 -0.8 MAPT 206401_s_at 156 0.83 0.76 -2.5
BIRC5 202095_s_at 153 0.75 0.94 -3.8 MGP 202291_s_at 157 0.71 0.49 4.3
C4A 208451_s_at 158 0.86 0.76 -2.3 MMP1 204475_at 139 0.70 1.05 -4.3
CCL8 214038_at 149 0.66 0.76 -2.8 NMU 206023_at 156 0.71 1.12 -5.1
CCND1 208712_at 146 0.75 0.75 -2.4 PCNA 201202_at 159 0.52 0.78 -1.0
CD3D 213539_at 141 0.67 0.65 0.0 PGR 208305_at 143 0.78 0.82 -4.8
CDH1 201131_s_at 157 0.76 0.86 -3.0 PIP 206509_at 154 0.83 0.74 0.7
CEACAM5 201884_at 148 0.67 0.78 0.1 PLAT 201860_s_at 158 0.78 0.79 -2.6
CELSR2 204029_at 158 0.69 0.71 -1.4 PRSS16 208165_s_at 153 0.71 0.57 0.1
CHPT1 221675_s_at 147 0.62 0.68 -1.5 PTGER3 210832_x_at 151 0.70 0.40 2.5
CKMT1A 202712_s_at 150 0.81 0.57 0.4 PTHLH 211756_at 152 0.57 0.63 -2.4
COL4A5 213110_s_at 154 0.79 0.77 -2.0 PTPRT 205948_at 150 0.81 0.62 -0.9
CTTN 201059_at 158 0.72 0.65 -0.4 PVALB 205336_at 152 0.80 0.74 -1.5
CXCL12 209687_at 157 0.62 0.56 0.3 RACGAP1 222077_s_at 147 0.52 0.86 -2.5
CYBRD1 217889_s_at 153 0.62 1.09 -8.5 RBBP8 203344_s_at 157 0.71 0.71 -0.9
DCN 209335_at 148 0.59 0.55 -1.1 SCGB2A1 205979_at 143 0.83 0.82 -2.6
DHCR7 201791_s_at 158 0.75 0.89 -4.4 SCUBE2 219197_s_at 148 0.88 0.70 1.4
E2F8 219990_at 140 0.56 0.69 -1.6 SEC14L2 204541_at 158 0.74 0.86 -5.7
EEF1A2 204540_at 146 0.79 0.74 -2.5 SERPINA3 202376_at 146 0.54 0.72 5.5
EGFR 201983_s_at 140 0.61 0.75 -2.3 SQLE 209218_at 135 0.56 0.55 4.0
EPHX2 209368_at 149 0.62 1.13 -7.4 STC2 203438_at 156 0.86 0.83 -3.6
ERBB2 216836_s_at 147 0.70 0.65 -0.8 TFAP2B 214451_at 155 0.88 0.75 -2.3
ESR1 205225_at 148 0.82 0.64 1.0 TOP2A 201292_at 139 0.54 0.88 -3.4
FGFR2 203638_s_at 142 0.77 0.95 -3.3 TRIM29 202504_at 151 0.70 0.73 -2.0
GJA1 201667_at 156 0.80 0.72 -0.4 UBE2C 202954_at 148 0.72 0.79 -1.4
GSTM1 204550_x_at 141 0.74 0.35 5.8 WNT5A 205990_s_at 148 0.77 0.76 -2.4
HSPA2 211538_s_at 153 0.84 0.84 -3.0
 

n = number of RT-qPCR values available 

c = Pearson correlation coefficient 

a = transformation factor 

b = transformation offset 



17 
 

Table S4. Functional annotation and association with specific phenotypes of genes of 

interest 

 

Gene 
symbol

Full name GO terms (biological process) Association with ER 
expression

AZGP1 alpha-2-glycoprotein 1, 
zinc-binding

cell adhesion correlation with ER 
[LS13]

BIRC5 baculoviral IAP repeat-
containing 5

anti-apoptosis

cell division
cytokinesis
G2/M transition of mitotic cell cycle
establishment of chromosome 
localization

DHCR7 7-dehydrocholesterol 
reductase

cholesterol biosynthetic process

IL6ST interleukin 6 signal 
transducer

cytokine-mediated signaling pathway coregulated with ER 
[LS14]

leukemia inhibitory factor signaling 
pathway
negative regulation of interleukin 6-
mediated signaling pathway
positive regulation of cell proliferation
positive regulation T cell proliferation 
positive regulation of JAK-STAT 
cascade
response to cytokine stimulus

MGP matrix Gla protein regulation of transcription (no 
experimental evidence)

induced by estrogen 
[LS15]

RBBP8 retinoblastoma binding 
protein 8

DNA repair correlation with ER 
[LS16]

STC2 stanniocalcin 2 cell-cell signaling (no experimental 
evidence)

coregulated with ER 
[LS14]

UBE2C ubiquitin-conjugating 
enzyme E2C

ubiquitin-dependent protein catabolic 
process
protein ubiquitination
exit from mitosis
positive regulation of exit from mitosis
cyclin catabolic process

 

Annotation of genes of interest of EP to biological processes according to Gene 

Ontology (GO) Annotation Database (http://www.ebi.ac.uk/GOA/) as well as 

association with ER expression (literature search). Indicated are only GO terms with 

experimental GO evidence codes (IDA, IMP, IGI).
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Table S5. Pearson correlation between genes in training 

 

member EP gene best correlation 2nd best correlation 3rd best correlation 

gene corr. gene corr. gene corr. 

1 
BIRC5 UBE2C 0.775 TOP2A 0.757 RACGAP1 0.704 

RBBP8 CELSR2 0.548 PGR 0.392 STC2 0.361 

2 
UBE2C BIRC5 0.775 RACGAP1 0.756 TOP2A 0.753 

IL6ST INPP4B 0.477 STC2 0.450 MAPT 0.440 

3 
AZGP1 PIP 0.530 EPHX2 0.369 PLAT 0.366 

DHCR7 AURKA 0.345 BIRC5 0.323 UBE2C 0.315 

4 
MGP APOD 0.368 IL6ST 0.327 EGFR 0.308 

STC2 INPP4B 0.500 IL6ST 0.450 SEC14L2 0.417 

 

For each gene contained in the EP algorithm the three best correlating genes are 

listed. For these calculations only samples measured with RT-qPCR were used. 
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Table S6. Coding of variables 

 

Variable Coding 

Age continuous, in years 

Tumor size 1 ≤1 cm 

2 >1 cm - ≤2 cm 

3 >2 cm - ≤5 cm 

4 >5 cm 

Nodal status 1 negative 

2 1 - 3 positive lymph nodes 

3 4 - 10 positive lymph nodes 

4 >10 positive lymph nodes 

Tumor grade 1 G1 

2 G2 

3 G3 

Estrogen receptor 1 Reiner score between 10% and 50% 

2 Reiner score between 51% and 80% 

3 Reiner score between 81% and 100% 

Progesterone receptor 0 Reiner score between 0% and 9% 

1 Reiner score between 10% and 50% 

2 Reiner score between 51% and 80% 

3 Reiner score between 81% and 100% 

Ki67 continuous, in percent 

Treatment arm 0 tamoxifen arm (ABCSG-6 and ABCSG-8) 

1 tamoxifen + aromatase inhibitor arm (ABCSG-

8 only) 

Adjuvant!Online score continuous 

EP risk score continuous 

EPclin risk score continuous 
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Table S7. Baseline characteristics of the training set and of patients from ABCSG 

Trials 6 and 8 with tumor blocks available 

 

Characteristic 
Training set 

n = 964 

Tamoxifen arm
ABCSG-6 
n = 996 

Patients with
tumor block

n = 443 
ABCSG-8 
n = 3714 

Patients with
tumor block

n = 1421 
Age      

Median, years 65.8 64.8 65.6 63.8 63.4 
Range, years 40.0 – 93.5 43.7 - 80.7 43.7 - 80.7 41.4 - 80.5 41.5 - 80.5 
≤60 years 245 (25%) 315 (32%) 137 (31%) 1243 (34%) 497 (35%) 
>60 years 589 (61%) 681 (68%) 306 (69%) 2471 (67%) 924 (65%) 
Unknown 130 (13%) - - - - 

Tumor size      
≤2 cm 380 (39%) 577 (58%) 232 (52%) 2782 (75%) 1007 (71%) 
>2 cm - ≤5 cm 401 (42%) 390 (39%) 200 (45%) 899 (24%) 397 (28%) 
>5 cm 32 (3%) 29 (3%) 11 (3%) 33 (1%) 17 (1%) 
Unknown 151 (16%) - - - - 

Nodal status      
Negative 626 (65%) 617 (62%) 265 (60%) 2770 (75%) 1008 (71%) 
1 - 3 positive nodes 126 (13%) 255 (26%) 122 (28%) 831 (22%) 370 (26%) 
4 - 10 positive nodes 50 (5%) 92 (9%) 43 (10%) 112 (3%) 43 (3%) 
>10 positive nodes 32 (3%) 32 (3%) 13 (3%) - - 
Unknown 130 (13%) - - 1 (0.03%) - 

Tumor grade      
G1 119 (12%) 147 (15%) 83 (19%) 739 (20%) 302 (21%) 
G2 564 (59%) 567 (57%) 259 (59%) 2811 (76%) 1015 (71%) 
G3 98 (10%) 217 (22%) 75 (17%) - - 
Unknown 183 (19%) 65 (7%) 26 (6%) 164 (4%) 104 (7%) 

Estrogen receptor      
Negative 11 (1%) 25 (3%) 6 (1%) 46 (1%) 15 (1%) 
Low 112 (12%) 203 (20%) 92 (21%) 336 (9%) 113 (8%) 
Medium 214 (22%) 377 (38%) 174 (39%) 1027 (28%) 429 (30%) 
High 248 (26%) 361 (36%) 163 (37%) 2300 (62%) 864 (61%) 
Unknown 379 (39%) 30 (3%) 8 (2%) 5 (0.1%) - 

Progesterone receptor      
Negative 60 (6%) 208 (21%) 110 (25%) 684 (18%) 291 (21%) 
Low 177 (18%) 212 (21%) 87 (20%) 677 (18%) 243 (17%) 
Medium 155 (16%) 279 (28%) 118 (27%) 1214 (33%) 484 (34%) 
High 186 (19%) 264 (27%) 118 (27%) 1132 (31%) 403 (28%) 
Unknown 386 (40%) 33 (3%) 10 (2%) 7 (0.2%) - 

 

Percentages may not total 100 because of rounding. 
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Table S8. Baseline characteristics of patients from ABCSG Trials 6 and 8 according 

to EP risk groups 

Characteristic 
Total 

n = 1702 
EP score ≤ 5

n = 832 
EP score > 5 

n = 870 P* 
Age    0.68 

Median, years 63.8 63.8 63.9  
Range, years 41.5 - 80.7 45.5 - 80.7 41.5 - 80.5  
≤60 years 579 (34%) 279 (34%) 300 (35%)  
>60 years 1123 (66%) 553 (67%) 570 (66%)  

Tumor size    0.02 
≤2 cm 1136 (67%) 582 (70%) 554 (64%)  
>2 cm - ≤5cm 539 (32%) 239 (29%) 300 (35%)  
>5cm 27 (2%) 11 (1%) 16 (2%)  

Nodal status    0.01 
Negative 1165 (68%) 592 (71%) 573 (66%)  
1 - 3 positive nodes 454 (27%) 211 (25%) 243 (28%)  
>4 positive nodes 83 (5%) 29 (3%) 54 (5%)  

Tumor grade    <0.001 
G1 379 (22%) 225 (27%) 154 (18%)  
G2 1252 (74%) 597 (72%) 655 (75%)  
G3 69 (4%) 9 (1%) 60 (7%)  
Unknown 2 (0.1%) 1 (0.1%) 1 (0.1%)  

Estrogen receptor    0.16 
Low 177 (10%) 79 (10%) 98 (11%)  
Medium 553 (33%) 259 (31%) 294 (34%)  
High 972 (57%) 494 (59%) 478 (55%)  

Progesterone receptor    <0.001 
Negative 353 (21%) 139 (17%) 214 (25%)  
Low 295 (17%) 119 (14%) 176 (20%)  
Medium 562 (33%) 293 (35%) 269 (31%)  
High 492 (29%) 281 (34%) 211 (24%)  

Ki67 (n =1638)    <0.001 
≤11% 1271 (78%) 732 (92%) 539 (64%)  
>11% 367 (22%) 63 (8%) 304 (36%)  

Adjuvant therapy    0.69 
Tamoxifen 1029 (61%) 499 (60%) 530 (61%)  
Tamoxifen+Anastrozole 673 (40%) 333 (40%) 340 (39%)  

Adjuvant!Online    0.001 
Low risk 843 (50%) 446 (54%) 397 (46%)  
High risk 859 (51%) 386 (46%) 473 (54%)  

 

*P values were calculated by the chi-square test. Percentages may not total 100 

because of rounding.
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Figure S1. Platform transfer. Scatter plot of log2-Affymetrix expression values versus 

∆Cq value of RT-qPCR and the linear transformation. 

 

4 6 8 10 12
10

12

14

16

18

Affymetrix: log2(202095_s_at)

R
T

-q
P

C
R

: 
C

q(
B

IR
C

5)

6 8 10 12 14
12

14

16

18

20

Affymetrix: log2(203344_s_at)

R
T

-q
P

C
R

: 
C

q(
R

B
B

P
8)

6 8 10 12 14
12

14

16

18

Affymetrix: log2(202954_at)

R
T

-q
P

C
R

: 
C

q(
U

B
E

2C
)

6 8 10 12 14
14

16

18

20

22

Affymetrix: log2(212196_at)

R
T

-q
P

C
R

: 
C

q(
IL

6S
T

)

8 10 12 14 16
15

20

25

Affymetrix: log2(209309_at)

R
T

-q
P

C
R

: 
C

q(
A

Z
G

P
1)

6 8 10 12 14
12

14

16

18

20

Affymetrix: log2(201791_s_at)

R
T

-q
P

C
R

: 
C

q(
D

H
C

R
7)

10 12 14 16 18
15

20

25

Affymetrix: log2(202291_s_at)

R
T

-q
P

C
R

: 
C

q(
M

G
P

)

0 5 10 15
10

15

20

25

Affymetrix: log2(203438_at)

R
T

-q
P

C
R

: 
C

q(
S

T
C

2)



23 
 

Figure S2. Procedure to construct clinical algorithm from training data and fixed 

parameters N, M, PWald, Pprog and ccorr. 

 

procedure TrainAlgorithm 

  inputs:  

    x: values of each variable for each sample in each cohort 

    y: outcome information for each sample in each cohort 

    I: set of variables (after filtering by ccorr) 

    N: number of committee members 

    M: maximum number of variables per member 

    Pwald: significance level for Wald test 

    Pprog: significance level for variable being prognostic 

 

for n = 1 to N // construct committee members 

  set G ← Ø // initialize set of variables for current member   

  while |G| < M or G unchanged during last loop 

 

    // step 1: add best variable 

    for each variable g in I\G 

      call (c(g),v(g),p(g)) ← CalculateRegression(x,y,G+{g},Pwald) 

    end for 

    gmin ← argmin{p(g) : g in I\G} // most predictive variable 

    if p(gmin) <= Pprog then set G ← G+{gmin} 

 

    // step 2: remove insignificant variables 

    call (c,v,p) ← CalculateRegression(x,y,G) 

    for each variable g in G 

      if p(g) > Pprog then set G ← G\{g} 

    end for 

  end while 

 

  // report member 

  call (c,v,p) ← CalculateRegression(x,y,G) 

  output n-th member with variables G and coefficients c 

  set I ← I \ G // forbid selected variables for other members 

end for 

end procedure
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Figure S3. Sub-procedure for multivariate Cox regression in separated cohorts 

 

procedure CalculateRegression 

  inputs: 

    x: values of each variable for each sample in each cohort 

    y: outcome information for each sample in each cohort 

    G: set of variables 

    Pwald: significance level for Wald test 

  outputs: 

    c: COX regression estimate for each variable 

    v: COX regression variance estimate for each variable 

    p: p-value of being predictive for each variable 

 

// perform COX regression on each cohort individually 

for each cohort j 

  set J ← the set of samples in cohort j 

  set x’ ← x restricted to samples J and variables G 

  set y’ ← y restricted to samples J 

  calculate |G|-variate COX regression on x’ and y’: 

  for all variables g in G 

    set c(j,g) ← COX regression estimates 

    set v(j,g) ← COX regression variance estimates 

  end for 

end for 

 

// combine cohort results 

for all variables g in G 

  set v(g) ← (∑j v(j,g)-1)-1 

  set c(g) ← (∑j c(j,g)·v(j,g)-1)·v(g) 

  perform Wald-Test on pairs (c(j,g),v(j,g)) for all cohort j 

  if Wald-Test is significant w.r.t. level Pwald then 

    set p(g) ← 1 // variable is not reliable, do not use 

  else 

    set p(g) ← 2·Φ(-|c(g)|/√v(g)) // 2-sided, normal approx. 

  end if 

end for 

end procedure 
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Figure S4. Structure of the EP risk score 

 

 

 

Green color corresponds to a negative sign of the coefficients of the genes of interest 

(higher expression yields to a lower EP risk score), and red color indicates a positive 

sign of the coefficients (higher expression yields to a higher EP risk score). Equation 

numbers refer to the main article. 
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Figure S5. Distribution of EP scores and threshold determination 
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Figure S6. Association of the EPclin score with the likelihood of distant recurrence 

 

 

 

This model was constructed in the training set and used to determine a threshold for 

the EPclin score. The threshold of 3.3 corresponds to a 10% probability of distant 

recurrence within 10 years as indicated by black lines. 
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Figure S7. Flowchart of the validation study 

 

 

 

IBC = invasive breast cancer 

RT-qPCR was considered as not successful if genomic DNA contamination was 

present or estimated variances of the EP scores were above the pre-specified 

threshold indicating low RNA extraction yield (see section 1.2). 
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Figure S8. Association between the area under the ROC curve and the c-index as 

measures of the prognostic power of EP and EPclin 
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Figure S9. Kaplan-Meier analyses in subgroups of the combined ABCSG-6 and 

ABCSG-8 cohorts. For each subgroup the results of low- and high-risk EP score is 

presented. 
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Figure S9. continued 
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Figure S9. continued 
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