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Gene expression analysis and data pre-processing
Total RNA was extracted using miRNeasy (Qiagen, Sussex, UK). RNA quality was checked using an Agilent Bioanalyser (Santa Clara, CA, USA): samples with RNA integrity values of <4 were excluded from further analysis. RNA amplification, labelling and hybridization on HumanHT-12_V3 (study I samples) and HumanHT-12_V4 (study II samples) expression BeadChips (Illumina, San Diego, CA, USA) were performed according to the manufacturer's instructions. Illumina raw data was extracted using GenomeStudio software and was transformed and normalized using variance-stabilizing transformation, robust spline normalization method included in the R package (lumi) (http://www.bioconductor.org). The data was then batch-corrected using the function (ComBat) in the R package (sva). Paired samples were excluded from further analysis if their fraction of detected genes was <30% and identified as outliers by a sample outlier detection function in the lumi package. Probes were filtered out if they were not detected in any of the samples (detection p>0.01). Gene expression data from this study is deposited at GEO (http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE73237) with accession number GSE73237.

Gene Signatures
Entrez Gene ID was used as gene identifier in gene signatures. The HumanHT-12_V4_0_R2_15002873_B annotation file was used to map the EntrezGeneIDs to the corresponding Illumina probe IDs. Gene signature scores were weighted averages as described previously [1].
We evaluated three candidate gene sets: i) metagene wound healing signature [2]; ii) immune response metagene [3] and iii) 13 of the 14 genes identified as changing in the Jeselsohn study [4] (SNAI1 was not detected on the Illumina platform). We also studied the effects on 18 pre-specified genes that we selected as being particularly relevant to breast cancer from prior studies.  
Each tumour sample was classified into one of the five intrinsic subtypes based on the PAM50 classifier [5]. Prior to classification, technical bias between these data and the training data were minimized to ensure accurate calls across heterogeneous platforms. Under the assumption that The Cancer Genome Atlas ER+ cohort and the baseline specimens of the POETIC cohort were similar, gene-wise differences in the mean and variance of these two groups represent technical bias. These differences were removed from the POETIC and study I cohorts prior to PAM50 classification respectively. 

Single sample intrinsic subtype prediction was performed by calculating a Spearman rank correlation coefficient between the 50-gene expression values of an individual sample compared to each of the average gene expression (centroid) values for Luminal A, Luminal B, HER2-Enriched, Basal-like, and Normal. The subtype classification for the study sample is assigned to the centroid with the highest correlation. 

Data analysis and Statistical Methods
Pearson correlation coefficient was used to assess the association of the: i) detectable probes between the paired samples and ii) pre-selected genes between paired samples' expression levels. Univariate paired or unpaired T-tests together with multivariate permutation tests were used to identify differentially expressed genes between the paired samples. The significantly differentially expressed genes were subjected to Ingenuity Pathway Analysis (IPA). Pathways were considered as significantly altered if p<0.05 after using Benjamini-Hochberg Multiple Testing Correction. Wilcoxon matched-pairs signed rank test was used to evaluate the significance of the percentage increase of expression between pairs. The correlation of the difference in gene expression between biopsies and the length of the time interval between the biopsies was evaluated using Spearman rank correlation. The significance of the difference between 2 correlation coefficients obtained in study I and study II respectively was calculated using the Fisher r-to-z transformation [6] using the online calculator (http://vassarstats.net/rdiff.html).  For each sample we calculated the following: (a) numeric difference of the LumA and LumB centroid correlation coefficients (i.e. LumA correlation coefficient minus Lum B correlation coefficient) and (b) numeric difference of their LumB and HER2-enriched correlation coefficients (i.e. LumB correlation coefficient minus HER2-enriched subtype correlation coefficient). Medians of these centroid correlation coefficients were reported and approximate 95% C.I. intervals were calculated using the adjusted bootstrap percentile method where appropriate [7]. No formal statistics comparison of the medians is performed.
GraphPad Prism 6 (Graphpad Software Inc.) was used for some of the statistical analyses in this study.

Hierarchical clustering method
To identify the clusters in gene expression between samples we used the Euclidean distance method and average linkage of sampleRelation function within the “lumi” R-package. The samples were then color annotated according to their PAM50 intrinsic subtypes (green = Normal; dark blue = LumA; light blue = LumB; purple = Her2-enriched; red = Basal) and whether or not the paired samples were clustered together (grey = Paired together: light green = Unpaired first sample; dark green = Unpaired second sample). In the final heatmaps of gene expression for the probes, they were generated based on the same clustering method (i.e. Euclidean distance method and average linkage), but keeping the order of samples. Function named colorRampPalette within R-package was used to specify the gradient of the colors.
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