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Supplementary Methods 1 

 2 

PAM50 intrinsic subtypes 3 

ER-positive breast cancer tumors in STO-3 were classified according to the PAM50 subtype 4 

classification (1). Gene expressions from each chip were normalized using log2-scaled upper quartile 5 

normalization. A patient subset was generated using all 113 ER-negative patient samples in STO-3, 6 

with 113 ER-positive patient samples randomly selected to mirror the ER distribution in the PAM50 7 

classifier training set. Gene expression values of all patient samples (n=226) were adjusted to the 8 

median gene values. Microarray probes from the patient samples were mapped to the PAM50 classifier 9 

by Human Genome Organization Gene Nomenclature (HGNC) symbols. Expression values from genes 10 

represented by multiple probes were computed by averaging expressions from the probes, as per 11 

recommended for long oligo platforms. 12 

 13 

Multi-gene modules 14 

To investigate the tumor biology of the breast cancer samples, gene expression modules that serve as 15 

proxies of biological processes and pathway activation were assessed (2-4). Desmedt et al. generated 16 

7 multi-gene modules (AURKA, CASP3, ERBB2, ESR1, STAT1, PLAU, VEGF) that serve as proxies 17 

for proliferation, apoptosis, ERBB2/HER2 signaling, ER signaling, immune response, tumor 18 

invasion/metastasis, and angiogenesis, respectively (2). Ignatiadis et al. further evaluated 10 pathway-19 

related gene signatures (3). These included activation status of the oncogenic pathways RAS, SRC, 20 

MYC, E2F3, and Wnt/beta-catenin (BETAC), which were originally generated from Bild et al. (5), as 21 

well as gene signatures serving as proxies for Akt/mTOR pathway activation (6), IGF1 pathway (7), 22 

MAPK pathway (8), mutation of PIK3CA (9), and oncogenic pathway activation due to PTEN loss (10). 23 

Further, multi-gene modules for stromal environment (STROMA1 (11)) and immune cells infiltration 24 

(IMMUNE1 (12)) were included. 25 

 26 

Gene modules in which the lowest scores were associated with clinical aggressiveness included 27 

CASP3, ESR1, IMMUNE2, PIK3CA, STAT1, and VEGF; for all others, high scores were associated 28 

with clinical aggressiveness. 29 

 30 
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Annotation of genes differentially expressed in ultralow risk tumors 31 

Differentially expressed genes were categorized by using the MsigDB Hallmark gene sets (v6.2) (13), 32 

as well as the gene sets from the Gene Ontology (GO) biological processes (C5 collection v6.2) (14, 33 

15). The Hallmark collection contains 50 gene sets, which we grouped into 28 larger gene sets (see 34 

Supplementary Table S1), of which the largest groups being cell cycle (containing the hallmarks E2F 35 

targets, G2M checkpoint, mitotic spindle), immune response (containing the hallmarks allograft 36 

rejection, complement, IL2/STAT5 signaling, IL6/JAK/STAT3 signaling, inflammatory response, IFN-a 37 

[interferon alpha] response, IFN-g [interferon gamma] response, TGF-b [transforming growth factor 38 

beta] signaling, and TNF-a [tumor necrosis factor alpha] signaling via NFkB), and metabolic processes 39 

(containing the hallmarks bile acid metabolism, cholesterol homeostasis, fatty acid metabolism, heme 40 

metabolism, oxidative phosphorylation and peroxisome). Some other gene sets were combined in pairs 41 

(e.g. early and late estrogen response), see Supplementary Table S1. Furthermore, genes coding for 42 

histones or homeoboxes were identified by their gene names. Lastly, similar or identical biological 43 

processes in the GO gene sets were identified for each of the 28 hallmark groups, e.g. 44 

GO_ANGIOGENESIS for HALLMARK_ANGIOGENESIS, see Supplementary Table S1. 45 

 46 

Genes were categorized as following: 1) if the gene was coding for histone or homeobox, it was 47 

categorized as this. 2) If the gene belonged to one hallmark gene set, this one was used. 3) If a gene 48 

belonged to one GO gene set, and no hallmark gene set, the GO gene set was used. 4) If any gene set 49 

was overlapping between the hallmark or GO, that gene set was used. 5) After this, small gene sets 50 

with less than 3 genes in the gene set were identified and step 2-3 were repeated without the small 51 

groups. 6) Lastly, if the gene was involved in estrogen response, we categorized it as this. 52 

 53 

Heatmap code was modified from: https://raw.githubusercontent.com/obigriffith/biostar-54 

tutorials/master/Heatmaps/heatmap.3.R. Genes not belonging to any of the main cancer-related 55 

categories were not shown in the heatmap, or groups with fewer than 5 genes in the group. 56 

 57 

 58 

 59 

 60 



 3 

Supplementary References 61 

 62 

1. Parker JS, Mullins M, Cheang MC, Leung S, Voduc D, Vickery T, et al. Supervised risk 63 

predictor of breast cancer based on intrinsic subtypes. Journal of clinical oncology : official journal of 64 

the American Society of Clinical Oncology. 2009;27(8):1160-7. 65 

2. Desmedt C, Haibe-Kains B, Wirapati P, Buyse M, Larsimont D, Bontempi G, et al. 66 

Biological processes associated with breast cancer clinical outcome depend on the molecular 67 

subtypes. Clinical cancer research : an official journal of the American Association for Cancer 68 

Research. 2008;14(16):5158-65. 69 

3. Ignatiadis M, Singhal SK, Desmedt C, Haibe-Kains B, Criscitiello C, Andre F, et al. 70 

Gene modules and response to neoadjuvant chemotherapy in breast cancer subtypes: a pooled 71 

analysis. Journal of clinical oncology : official journal of the American Society of Clinical Oncology. 72 

2012;30(16):1996-2004. 73 

4. Tobin NP, Harrell JC, Lovrot J, Egyhazi Brage S, Frostvik Stolt M, Carlsson L, et al. 74 

Molecular subtype and tumor characteristics of breast cancer metastases as assessed by gene 75 

expression significantly influence patient post-relapse survival. Annals of oncology : official journal of 76 

the European Society for Medical Oncology. 2015;26(1):81-8. 77 

5. Bild AH, Yao G, Chang JT, Wang Q, Potti A, Chasse D, et al. Oncogenic pathway 78 

signatures in human cancers as a guide to targeted therapies. Nature. 2006;439(7074):353-7. 79 

6. Majumder PK, Febbo PG, Bikoff R, Berger R, Xue Q, McMahon LM, et al. mTOR 80 

inhibition reverses Akt-dependent prostate intraepithelial neoplasia through regulation of apoptotic 81 

and HIF-1-dependent pathways. Nature medicine. 2004;10(6):594-601. 82 

7. Creighton CJ, Casa A, Lazard Z, Huang S, Tsimelzon A, Hilsenbeck SG, et al. Insulin-83 

like growth factor-I activates gene transcription programs strongly associated with poor breast cancer 84 

prognosis. Journal of clinical oncology : official journal of the American Society of Clinical Oncology. 85 

2008;26(25):4078-85. 86 

8. Creighton CJ, Hilger AM, Murthy S, Rae JM, Chinnaiyan AM, El-Ashry D. Activation of 87 

mitogen-activated protein kinase in estrogen receptor alpha-positive breast cancer cells in vitro 88 

induces an in vivo molecular phenotype of estrogen receptor alpha-negative human breast tumors. 89 

Cancer research. 2006;66(7):3903-11. 90 



 4 

9. Loi S, Haibe-Kains B, Majjaj S, Lallemand F, Durbecq V, Larsimont D, et al. PIK3CA 91 

mutations associated with gene signature of low mTORC1 signaling and better outcomes in estrogen 92 

receptor-positive breast cancer. Proceedings of the National Academy of Sciences of the United 93 

States of America. 2010;107(22):10208-13. 94 

10. Saal LH, Johansson P, Holm K, Gruvberger-Saal SK, She QB, Maurer M, et al. Poor 95 

prognosis in carcinoma is associated with a gene expression signature of aberrant PTEN tumor 96 

suppressor pathway activity. Proceedings of the National Academy of Sciences of the United States 97 

of America. 2007;104(18):7564-9. 98 

11. Farmer P, Bonnefoi H, Anderle P, Cameron D, Wirapati P, Becette V, et al. A stroma-99 

related gene signature predicts resistance to neoadjuvant chemotherapy in breast cancer. Nature 100 

medicine. 2009;15(1):68-74. 101 

12. Teschendorff AE, Miremadi A, Pinder SE, Ellis IO, Caldas C. An immune response 102 

gene expression module identifies a good prognosis subtype in estrogen receptor negative breast 103 

cancer. Genome biology. 2007;8(8):R157. 104 

13. Liberzon A, Birger C, Thorvaldsdottir H, Ghandi M, Mesirov JP, Tamayo P. The 105 

Molecular Signatures Database (MSigDB) hallmark gene set collection. Cell systems. 2015;1(6):417-106 

25. 107 

14. The Gene Ontology Consortium. The Gene Ontology Resource: 20 years and still 108 

GOing strong. Nucleic acids research. 2019;47(D1):D330-d8. 109 

15. Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry JM, et al. Gene ontology: 110 

tool for the unification of biology. The Gene Ontology Consortium. Nature genetics. 2000;25(1):25-9. 111 

 112 


