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Supplementary Discussion 
Significant overlap between PRC2-occupied and H3K27me3-occupied genes 
As the PcG protein EZH2, when complexed with SUZ12, specifically methylates lysine-27 
of histone H3 as a functional output, a vast majority of PRC2-occupied genes are therefore 
trimethylated at H3K27 (1, 2). To evaluate the co-occupancy of PRC2 and H3K27me3 in 
our system, we first performed genome-wide location analysis of SUZ12 and H3K27me3 
in LNCaP human prostate cancer cell line. We selected to map the PRC2 complex protein 
SUZ12, as SUZ12 antibody has been successfully used for genome-wide location analysis 
in previous studies (2). Our results showed over 90% overlap of the H3K27me3-occupied 
genes between two replicate experiments, and a highly significant overlap (p<0.001 by 
Fisher exact test) of SUZ12- and H3K27me3-occupied promoters (Fig. S1A). Over 49% of 
H3K27me3-occupied promoters in metastatic prostate cancer cells are also bound by 
PRC2. This overlap is comparable to what has been previously reported for PRC2 and 
H3K27me3 co-occupancy in other cell line systems (1) and, consequently, supports the use 
of H3K27me3 as an epigenetic mark for active PRC2 binding (3, 4).  

Next, we examined human metastatic prostate tumor specimens for PRC2 and 
H3K27me3 occupancy in vivo, as we were most interested in investigating PRC2 and its 
target genes in prostate cancer progression. Similarly, genome-wide location analysis of a 
metastatic prostate tumor (to the liver) demonstrated strong co-occupancy of H3K27me3 
mark with PRC2 binding (Fig. S1B). Remarkably, metastatic tumors from another 
independent patient (also to the liver) demonstrated a significant set (p<0.001 by Fisher 
exact test) of common H3K27me3-occupied genes. When viewed at the scale of 
chromosomes as peaks of ChIP-enriched/WCE (Whole Cell Extract) ratios (Fig. S1C), the 
distributions of SUZ12- and H3K27me3-occupancy from the same patient highly 
resembled each other. In addition, the distribution of H3K27me3-occupancy in two 
independent specimens coincided at a number of distinct binding sites. We have also 
performed ChIP-on-chip analysis of H3K27me3 in a metastatic prostate tumor to the lung 
and observed a significant overlap with those to the livers (Data not shown). 

 
The 14-gene “Polycomb Repression Signature” Predicts Cancer Patient Survival  
As molecular classifiers comprised of a small number of genes are especially useful in 
clinical practice, we attempted to refine our “Polycomb Repression Signature”. We adopted 
a strategy of cross-validation with step-wise decrement on the number of genes used for 
classification. We identified a 14-gene signature (Table S3) that minimizes the cross-
validation errors in the Wang et al. breast cancer dataset (5). Next, to assess the predictive 
power of this signature we classified samples in the Wang et al. study into high- or low-risk 
groups, and observed significantly different patient survival (p<0.0001, HR: 2.62, 95% CI: 
1.61-4.29) (Fig. S3). Remarkably, based on this training dataset we were able to predict 
samples from an additional 5 breast cancer datasets (6-11). The predicted low-risk and 
high-risk groups have marked difference in clinical outcome. Our 14-gene signature is also 
predictive in two prostate cancer datasets and 1 gastric cancer dataset (12, 13) (Fig. S3). 
Furthermore, we observed similar trends (but of marginal significance) of prediction by our 
signature in several other cancer types including glioma and lung adenocarcinoma, for 
example, p=0.1 for the Takahashi et al. breast cancer dataset (GEO acc# GSE55460), 
p=0.08 for the Nutt et al. glioma dataset (14), p=0.11 for the Philip et al. glioma dataset 
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(15), p=0.16 for the Bild et al. lung adenocarcinoma dataset (8), and p=0.25 for the 
Bhattacharjee et al. lung adenocarcinoma (16). This marginal significance may be partially 
because the signature was specifically optimized to predict breast cancer survival. 
 

To further evaluate the predictive power of our signature we compared it to 
molecular predictors described in their original publications, including 4 breast cancer 
predictors and 1 chromosomal instability signature (5-7, 11, 17). A simple comparison with 
claimed p values demonstrated that our signature is comparable to predictors in their 
original publications, even though our signature predicts samples across datasets (Table 
S4). However, as most studies do not provide information on the training/validation subset 
labels, prediction results for individual samples, and/or the complete dataset used, a 
statistically sound direct comparison of two signatures is impractical. As an alternative 
approach, we tested previously published gene predictors on the same training and 
validation datasets as we have used for our signature by using the same analytical methods 
as described in Fig. S3. The p values generated by Kaplan-Meier analysis of each 
molecular signature in each of the 9 datasets were then cross-compared. Importantly, our 
signature ranked the first in 3/9 datasets and the second in 4/9 datasets (Table S4). We thus 
concluded that our signature overall out-performed other previously published gene 
predictors. In addition, our signature used the least number of genes, which may render it 
as a better choice for the development of diagnostic/prognostic molecular signatures 
targeting epigenetic defects (18).  

 

Supplementary Methods  

Cells and Human Tissues 
LNCaP and PC3 prostate cancer cells were cultured in RPMI supplemented with 10% fetal 
bovine serum (Invitrogen, Carlsband, CA). Prostate cancer tissues were collected from the 
Rapid Autopsy Program, which is part of University of Michigan Prostate Cancer 
Specialized Program of Research Excellence (S.P.O.R.E.) Tissue Core. Samples were 
collected with informed consent of the patients and prior institutional review board 
approval. Three independent prostate cancer tissues, two to the liver and 1 to the lung, were 
used in this study for ChIP-on-chip analysis.  
 
Quantitative Real-time PCR (qRT-PCR) 
SYBR green qRT-PCR was carried out according to previously published protocols (19). 
Samples were normalized to the mRNA level of the house-keeping gene GAPDH and 
HMBS. Primer sequences used are listed in Supplementary Table S5. 
 
Chromatin Immunoprecipitation (ChIP) – PCR assay 

ChIP was performed according to standard protocols (20). The antibodies used here 
were specific for EZH2 (BD), SUZ12, and H3K27me3 (Upstate). Briefly, formaldehyde 
was added directly to the cultured cells to a final concentration of 1%. For metastasis 
tissues, samples were first chopped into small pieces with a razor blade and transferred into 
5-10ml PBS before adding formaldehyde. Cells were rotated at room temperature for 10 
min. The crosslinking was stopped by 1/20V of 2.5M Glycine and the cells were washed 
with 1xPBS and harvested in 1xPBS with proteinase inhibitors. Metastasis tissue samples 
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were further disaggregated using a tissue homogenizer. The cells were then pelleted and 
resuspended in cell lysis buffer containing protease inhibitors. After incubation in cell lysis 
buffer for 10 min, the samples were pelleted, resuspended in nuclei lysis buffer and 
sonicated to chromatins with an average size of 500bp. The chromatins were precleared 
using Salmon sperm DNA/Protein A Agarose-50% flurry and incubated with specific 
antibodies overnight. The next day, the antibody-bound chromatin was pooled down using 
protein A/agarose, washed extensively, and reverse-crosslinked. Immunoprecipitated DNA 
and whole cell extract DNA were purified by treatment with RNase A, proteinase K and 
purified using Qiaquick PCR purification kit (Qiagen, Valencia, CA).  

 
For PCR analysis, ChIP-enriched chromatin as well as the WCE chromatin was 

amplified by ligation-mediated PCR. When examining protein occupancy on target 
promoters, equal amount of WCE and ChIP-enriched amplicons were subjected to qRT-
PCR and the fold enrichment (ChIP/WCE) was determined based on the cycle differences 
(ΔCt) of the 2 samples. Primer sequences used for ChIP are listed in Supplementary 
Table S5. 
 
ChIP-on-chip assay 
For ChIP-on-chip assay, the human proximal promoter microarray set (Agilent 
Technologies, Inc.) covering -1.0kb to +0.3kb from the transcriptional start sites of 
approximately 17,000 genes was used. ChIP-on-chip was carried out essentially as 
described in the manufacturer’s protocol. Modifications to protocols are indicated below. 
Briefly, frozen metastatic prostate cancer tissues were chopped into small pieces using 
razor blades and transferred into a 15ml tube containing 10ml PBS. Formaldehyde was 
added to a final concentration of 1% and the samples were rotated at room temperature for 
15 min. The cross-linking was stopped by addition of 2.5M glycine and the samples were 
re-suspended in 10ml cold PBS. The tissues were then disaggregated using a homogenizer, 
centrifuged to pellet cells and re-suspended in cell lysis buffer containing protease 
inhibitors. After incubation in cell lysis buffer for 10 min, the samples were pelleted, re-
suspended in nuclear lysis buffer and sonicated to chromatin with an average size of 500 
bp. The chromatin was pre-cleared using Salmon sperm DNA/Protein A Agarose-50% 
slurry and incubated with antibodies specific to H3K27ME3 or IgG control overnight. The 
next day, the antibody-bound chromatin was pulled down using protein A/agarose, washed 
extensively, and reverse-crosslinked. Immunoprecipitated DNA and whole cell extract 
DNA were purified by treatment with RNase A, proteinase K and purified using Qiaquick 
PCR purification kit (Qiagen). The purified DNA was then blunted and ligated to a linker 
and amplified using a two-stage ligation-medated PCR protocol. Amplified DNA was 
labeled and purified using BioPrime array CGH genomic labeling kits (Invitrogen). Whole 
cell extract DNA was labeled with Cy3 dye whereas immuno-enriched DNA was labeled 
with Cy5 dye (Perkin Elmer). About 5 μg each of Cy3 and Cy5 labeled DNA were 
combined and hybridized to the human proximal promoter array in Agilent hybridization 
chambers for 40 hours at 65oC. Hybridized slides were washed and scanned using an 
Agilent scanner. Image was analyzed and data extracted using Agilent Feature Extraction 
Software 9.1.3.1, with linear and lowess normalization performed for each array. ChIP-on-
chip data is available from GEO (GSE8144 and GSE8145). 
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Genome-wide location analysis 
For genome-wide location analyses of promoter occupancy, putative target genes are 
defined based on the following criteria: a) the log-ratio value of a gene is within the top 
10% quantile of an array; b) the p-value of XDev, which is a scaled log-ratio value from 
single gene error model and calculated in default by Agilent software, must be equal to or 
less than 0.01. 

For gene signature outcome analysis, we used more stringent criteria to determine 
putative target genes in order to reduce risk of false positives. The target genes must 
follow: a) the log-ratio value of a gene is within the top 5% quantile of an array; b) the p-
value of XDev, which is a scaled log-ratio value from single gene error model and 
calculated in default by Agilent software, must be equal to or less than 0.01. c) If there are 
more than one spots mapping to the same gene within the top 5% of an array, there must be 
one extra spot having p-value of its XDev value less than 0.1 besides there is one spot 
meeting the condition (b). d) Genes must qualify the above criteria in all of samples 
selected for analysis. 

 
Gene Differential Analysis 
To compare primary prostate cancer samples to metastatic prostate cancer, gene differential 
analysis was performed by using Cyber-T statistic (21). Differential genes were selected 
with a significance level of 0.05.  
 
Gene Set Enrichment Analysis 
Gene Set Enrichment Analysis (GSEA) was performed on our prostate cancer profiling 
data as described previously (22). It is used to determine whether the putative PcG target 
genes are statistically significantly enriched in genes repressed in metastatic prostate cancer 
relative to primary prostate cancer. 
 
Gene Signature Outcome Analysis 
For each individual dataset, duplicated reporter IDs that mapped to same Unigene cluster 
ID were averaged. Each data set was standardized such that mean expression of each gene 
across samples was zero and variance was 1. Hierarchical clustering with pearson 
correlation as distance matrix was used to cluster training data. Kaplan-Meier survival 
analysis was carried out to determine whether the two main clusters derived from clustering 
differed with respect to clinical outcome. The end point of interest for clinical outcome is 
recurrence-free survival unless the original dataset only contains overall disease-specific 
survival. For breast cancer datasets, all patients who experienced the event 10 years after 
diagnosis were systematically censored. As prostate cancer datasets contained relatively 
short survival information, patients who experienced the event were censored at 5 years 
after diagnosis. In order to predict samples in other validation sets, we assigned one cluster 
associated with favorable outcome as “low-risk” group and the other as “high-risk” group 
in the training dataset. Then a testing sample from other validation sets was predicted as 
‘high-risk” or “low-risk” by k nearest neighbor classifier (k=5) based on its gene-pattern 
similarity with the training “low-risk” and “high-risk” samples. 

In order to get an optimal gene signature, we conducted a step-wise leave-one-out 
cross-validation in the training set as described similarly in previous study (23). The basic 
procedure is as the following: (1) calculate Cox scores of each gene in the training set. (2) 
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choose a set G of possible values of Cox scores S from the step (1) (we selected the number 
of values in G as the total number of differential target genes), and let pmin=1, emin=1. (3) 
For each S in G, do the following: (4) perform hierarchical clustering using genes with 
absolute Cox scores greater than S and cut the cluster tree into 2 sub trees. (5) perform a 
log-rank test to test whether the two main clusters have different survival rates. Name the 
p-value of this test as p. (6) If p > pmin, then return to step 3. (7) Fit a k-nearest neighbor 
cross-validation model (k=5) based on the clusters obtained in step 3. Calculate the cross-
validation error rate as e. (8) If e ≤ emin, then let Sbest = S, pmin= p, and emin= e, and return to 
step 3. Otherwise return to step 3 without changing the value of Sbest. The optimal value of 
S is the value of Sbest when cycle of this procedure terminates and genes with absolute Cox 
scores greater than Sbest constitute the optimal gene signature. 

As commented previously (23), the Cox scores at each leave-one-out cross-
validation procedure are not recalculated. Thus the cross-validation error tends to be 
optimistic. We did not attempt to correct it, because the only purpose of this procedure was 
to generate an optimal gene signature in the training set and we provided unbiased 
validation results using other independent datasets in the later section of this study. 

All analyses were completed in R (The R Foundation, http://www.r-project.org). 
Kaplan-Meier survival plots were generated in SPSS 11.5. 
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Supplementary Figure Legends 
Figure S1. Genome-wide location map of PRC2 and H3K27me3 mark in human metastatic 
prostate cancer. A. H3K27me3 and SUZ12 co-occupy target genes in LNCaP prostate 
cancer cells, whereas replicate ChIP-on-chip of H3K27me3 identified target genes with 
94% overlap. B. H3K27me3 occupies a significant overlapping set of target genes in 
metastatic tissues derived from independent patients. p<0.001 by Fisher exact test for 
overlap between any two sets of genes in (A-B). C. Chromosomal view demonstrating a 
highly overlapping genome sites occupied by SUZ12 and H3K27me3 in different 
metastatic samples. 
 
Figure S2. Network view of the molecular concept analysis of our 87 Polycomb 
Repression Signature (orange node with black ring). Each node represents a molecular 
concept or set of biologically related genes. The node size is proportional to the number of 
genes in each concept. Each edge represents a statistically significant enrichment (P <1 x 
10-4). Enrichments with “stem cell concepts” are indicated by orange edges, enrichments 
with “cancer survival” concepts by red edges, and enrichments for genes down-regulated in 
cancer concepts by blue edges. 
 
Figure S3. The 14-gene “Polycomb Repression Signature” predicts cancer patient survival. 
Hierarchical clustering based on the 14-gene signature separate the Wang et al. ER+ breast 
cancer training dataset into two groups, which differ significantly in clinical outcome 
(p<0.0001). The one with favorable outcome is defined as the “low-risk” group (green line) 
and the other as the “high-risk” (red line). By using k-nearest neighbor classification (k=5), 
we predicted samples from additional 5 breast cancer, 2 prostate cancer and 1 gastric 
cancer datasets into either “high-risk” or “low-risk” groups. Kaplan-Meier analysis was 
used to evaluate the difference in clinical outcome between these two groups. Survival 
curves are shown for the Pawitan et al., the Miller et al., the van de Vijver et al., the 
Sotiriou et al., the Bild et al., the Glinsky et al., the Yu et al., and the Chen et al. dataset. P 
values were calculated using the log-rank test. The dashed line represents the median 
survival time of applicable groups. For each dataset the number of primary tumors is 
indicated. 
 
Figure S4. The H3K27me3 ChIP signals for selected genes from genome-wide location 
analysis. The plots show unprocessed enrichment ratios for all probes within a genomic 
region (ChIP-enriched vs. whole cell extract DNA). Chromosome positions are from NCBI 
build 35 of the human genome. Genes are shown below plots with exons represented by 
black bars. The start and direct of transcription are noted by arrows. 
 
Figure S5. A model depicting the role of Polycomb-mediated Repression in metastasis and 
cancer survival. It has been reported that PcG proteins occupy target genes (red grid) and 
maintain the pluripotent stem cells by epigenetic silencing of key developmental regulators. 
Upon signals for differentiation, the epigenetic mark is removed and target genes 
selectively activated (black solid arrows). Under abnormal conditions such as tumor, 
however, cells may acquire substantial stem cell-like chromatin structure either by de-
differentiation from mature cells or by mutation to normal stem cells (dashed arrows). 
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These cancer stem cells may give rise to tumors with a heterogeneous population of cancer 
cells that contain polycomb-mediated transcriptional signature. In this study we report that 
this signature is reminiscent of stem cells and may eventually lead to metastasis and 
cancer-specific death (pink solid arrow). Therefore, comparative analysis of histone 
modification patterns in cancer and stem cells support that polycomb group proteins play a 
unifying role in regulating stem cell pluripotency and differentiation, cancer metastasis and 
survival. The grid represents direct PcG target genes and the percentage of red indicates the 
amount of target genes that remain occupied by PRC2 in a specific cell. 

 - 10 - 



Yu et al. supplementary Data  

Supplementary Tables 
Table S1. Selected associations from Molecular concept map (MCM) analysis of genes 
occupied by PRC2 in metastasis (MCM:13082042), consisting of 1,165 genes with 
promoter H3K27 trimethylation. The p-value was derived from a Fisher's exact test. OR – 
odds ratio; GO – Gene Ontology. 
 
Concept Type MCM # Concept OR p-value 
Literature 148285 H3K27me3-occupied in embryonic stem cells 8.5 1.10E-100
 148286 SUZ12-occupied in embryonic stem cells 8.14 1.10E-100
 148284 EED-occupied in embryonic stem cells 7.74 1.10E-100
 148291 H3K27me3-occupied in embryonic fibroblasts 5.73 1.20E-100
 148290 CBX8-occupied  in embryonic fibroblasts 5.2 1.20E-100

 148288 
Repressed in human embryonic stem cells vs. 
differentiated counterparts 2.59 2E-15

Oncomine 12787512 
Downregulated in ERG over-expression, ETV1 
over-expression (Glinsky) 2.29 7.30E-25

 124740 
Downregulated in Small Cell Lung Cancer 
(Garber) 2.35 1.50E-19

 120415 Downregulated in Prostate Cancer (Lapointe) 2.52 2.20E-17
 137583 Downregulated in Bladder Carcinoma (DyrskjÃ¸t) 2.61 1.60E-15

 8453862 
Downregulated in Metastatic Prostate 
Adenocarcinoma (Vanaja) 1.76 3.70E-14

 8467312 
Breast Carcinoma Survival - Downregulated in 
Dead (Pawitan) 1.74 1.80E-13

 135048 Downregulated in Lung Adenocarcinoma (Garber) 2 6.10E-13

 123745 
Prostate Biochemical Recurrence - 
Downregulated in positive (Glinsky) 1.77 4.40E-12

 11632732 
Downregulated in Ovarian Adenocarcinoma 
(Bittner) 1.79 2.40E-10

 120418 
Acute Lymphoblastic Leukemia Predinose 
Response - Downregulated in Poor (Fine) 1.7 1.10E-08

 131069 Downregulated in Prostate Tumor (Singh) 1.79 4.90E-08

 127090 
Downregulated in Hepatocellular Carcinoma 
(Chen) 1.96 5.40E-08

 140010 
ER+ Breast Carcinoma Disease Free Survival - 
Downregulated in Relapse (Wang) 1.56 9.70E-08

GO 102855 Development 2.56 4.80E-11
 108892 Transcription factor activity 1.97 4.20E-09
Chromosome 
Location 113905 1q 2.58 1.30E-13
 120057 19q 2.32 1.40E-09
 120059 20q 2.58 1.20E-06
 119913 17q 1.98 1.40E-06
 110327 19q13 1.92 1.10E-05
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Table S2. The 87 “Polycomb Repression Signature” genes. The Down-regulated 
expression of these genes is associated with poor clinical outcome (Figure 2). 
 
Gene Symbol Gene Name 
ABP1 Amiloride binding protein 1 (amine oxidase (copper-containing)) 
ACTC1 Actin, alpha, cardiac muscle 1 
ADAMTS3 ADAM metallopeptidase with thrombospondin type 1 motif, 3 
ALDH1A2 Aldehyde dehydrogenase 1 family, member A2 
ARHGAP20 Rho GTPase activating protein 20 
ARMCX1 Armadillo repeat containing, X-linked 1 
BDNF Brain-derived neurotrophic factor 
BHLHB3 Basic helix-loop-helix domain containing, class B, 3 
BMPER BMP binding endothelial regulator 
C1orf114 Chromosome 1 open reading frame 114 
C20orf103 Chromosome 20 open reading frame 103 
CACNB2 Calcium channel, voltage-dependent, beta 2 subunit 
CAMK1G Calcium/calmodulin-dependent protein kinase IG 
CD40 CD40 molecule, TNF receptor superfamily member 5 
CHI3L1 Chitinase 3-like 1 (cartilage glycoprotein-39) 
CLIC5 Chloride intracellular channel 5 
COLEC12 Collectin sub-family member 12 
CPA6 Carboxypeptidase A6 
CPAMD8 C3 and PZP-like, alpha-2-macroglobulin domain containing 8 
CSMD3 CUB and Sushi multiple domains 3 
CTSC Cathepsin C 
CTSG Cathepsin G 
CXCL12 Chemokine (C-X-C motif) ligand 12 (stromal cell-derived factor 1) 
CYB5R2 Cytochrome b5 reductase 2 
CYP2E1 Cytochrome P450, family 2, subfamily E, polypeptide 1 
DARC Duffy blood group, chemokine receptor 
DKK2 Dickkopf homolog 2 (Xenopus laevis) 
DNAJB4 DnaJ (Hsp40) homolog, subfamily B, member 4 
DOK5 Docking protein 5 
DPP4 Dipeptidyl-peptidase 4 (CD26, adenosine deaminase complexing protein 2)
EDNRA Endothelin receptor type A 
EPHB6 EPH receptor B6 
FAM49A Family with sequence similarity 49, member A 
FEV FEV (ETS oncogene family) 
FGF13 Fibroblast growth factor 13 
EGFLAM EGF-like, fibronectin type III and laminin G domains 
FST Follistatin 
GNAL Guanine nucleotide binding protein (G protein) 
HFE Hemochromatosis 
HHIP Hedgehog interacting protein 
HPSE2 Heparanase 2 
ITGAL Integrin, alpha L (antigen CD11A (p180)) 
ITGB2 Integrin, beta 2 (complement component 3 receptor 3 and 4 subunit) 
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ITGB8 Integrin, beta 8 
KLF8 Kruppel-like factor 8 
KRT17 Keratin 17 
LMOD1 Leiomodin 1 (smooth muscle) 
LYNX1 Ly6/neurotoxin 1 
MEOX2 Mesenchyme homeobox 2 
MKX Mohawk homeobox 
MMEL1 Membrane metallo-endopeptidase-like 1 
MPPED2 Metallophosphoesterase domain containing 2 
MYH11 Myosin, heavy chain 11, smooth muscle 
MYH7 Myosin, heavy chain 7, cardiac muscle, beta 
MYL4 Myosin, light chain 4, alkali; atrial, embryonic 
MYO6 Myosin VI 
MYOM2 Myomesin (M-protein) 2, 165kDa 
MYRIP Myosin VIIA and Rab interacting protein 
NCKAP1L NCK-associated protein 1-like 
NR4A3 Nuclear receptor subfamily 4, group A, member 3 
OSMR Oncostatin M receptor 
PAGE4 P antigen family, member 4 (prostate associated) 
PCDHB5 Protocadherin beta 5 
PENK Proenkephalin 
PMP22 Peripheral myelin protein 22 
PRKG1 Protein kinase, cGMP-dependent, type I 
PTGER3 Prostaglandin E receptor 3 (subtype EP3) 
RGC32 Response gene to complement 32 
RLN1 Relaxin 1 
SATB2 SATB family member 2 
SLC1A1 Solute carrier family 1, member 1 
SLC40A1 Solute carrier family 40 (iron-regulated transporter), member 1 
SLFN11 Schlafen family member 11 
SNCA Synuclein, alpha (non A4 component of amyloid precursor) 
SOCS2 Suppressor of cytokine signaling 2 
SP8 Sp8 transcription factor 
SRPX Sushi-repeat-containing protein, X-linked 
TAC1 Tachykinin, precursor 1 (neurokinin 1, neurokinin 2) 
TCF2 Transcription factor 2, hepatic; LF-B3; variant hepatic nuclear factor 
TGFB1 Transforming growth factor, beta 1 (Camurati-Engelmann disease) 
TNC Tenascin C (hexabrachion) 
TNFRSF19 Tumor necrosis factor receptor superfamily, member 19 
TRPS1 Trichorhinophalangeal syndrome I 
WDR18 WD repeat domain 18 
WNT16 Wingless-type MMTV integration site family, member 16 
WNT2 Wingless-type MMTV integration site family member 2 
WWTR1 WW domain containing transcription regulator 1 
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Table S3. The refined 14 “Polycomb Repression Signature” genes. The Down-regulated 
expression of these genes is associated with poor clinical outcome (Figure S3). 
 
Gene Symbol Gene Name 
CTSG Cathepsin G 
CXCL12 Chemokine (C-X-C motif) ligand 12 (stromal cell-derived factor 1) 
DARC Duffy blood group, chemokine receptor 
EPHB6 EPH receptor B6 
FST Follistatin 
ITGB2 Integrin, beta 2 (complement component 3 receptor 3 and 4 subunit)
KRT17 Keratin 17 
NCKAP1L NCK-associated protein 1-like 
PRKG1 Protein kinase, cGMP-dependent, type I 
PTGER3 Prostaglandin E receptor 3 (subtype EP3) 
RLN1 Relaxin 1 
SNCA Synuclein, alpha (non A4 component of amyloid precursor) 
SOCS2 Suppressor of cytokine signaling 2 
WNT2 Wingless-type MMTV integration site family member 2 
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Table S4. Performance comparison of previously reported gene signatures with our 
signature. Each predictor was trained in its original dataset and separated the training 
patients into high-risk and low-risk groups by hierarchical clustering, followed by Kaplan-
Meier analysis as described in Supplementary Method. Individual samples in other datasets 
(Fig. S3) were then predicted by k-nearest neighbor (k=5) based on the corresponding 
training set. Shown in the table are the number of genes in each predictor,  the p-values of 
Kaplan-Meier analysis, the hazard ratios and corresponding 95% confidence interval (CI), 
and the concordance index (area under the curve) for censored data. Bold represents the 
most significant signature for individual dataset.  
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Signature Source
Log-rank
P-value**

Hazard Ratio 
(95% CI)

C-Index (95% 
CI)***

Log-rank
P-value

Hazard Ratio 
(95% CI)

C-Index (95% 
CI)

Log-rank
P-value

Hazard Ratio 
(95% CI) C-Index (95% C

mber of Genes
ng Breast

I)

Nu
Wa 6.10E-05* 2.63 (1.61, 4.30) 0.62 (0.57, 0.67) 0.0002* 2.28 (1.46, 3.55) 0.61 (0.56, 0.66) 0.005 1.98 (1.22, 3.22) 0.59 (0.54, 0.64

itan Breast 0.007 2.87 (1.28, 6.42) 0.62 (0.54, 0.70) 2.40E-05 4.41 (2.08, 9.38) 0.68 (0.59, 0.76)
)

Paw 9.65E-05* 7.49 (2.28, 24.7) 0.67 (0.61, 0.74
r Breast 0.0004 2.81 (1.55, 5.12) 0.62 (0.56, 0.69) 0.002 2.32 (1.35, 3.99) 0.60 (0.54, 0.67) 0.004 2.30 (1.29, 4.10) 0.61 (0.55, 0.67
't veer Breast 0.0003 3.52 (1.69, 7.32) 0.63 (0.57, 0.70) 0.069 1.72 (0.95, 3.11) 0.56 (0.49, 0.63) 0.0005 3.58 (1.66, 7.70) 0.63 (0.56, 0.69
rious Breast 0.006 4.04 (1.36, 11.9) 0.66 (0.59, 0.74) 0.002 3.68 (1.54, 8.78) 0.65 (0.54, 0.75) 0.11 2.11 (0.83, 5.41) 0.59 (0.49, 0.68
 Breast 0.0007 3.26 (1.58, 6.74) 0.62 (0.56, 0.68) 0.007 2.14 (1.22, 3.75) 0.61 (0.54, 0.68) 0.17 1.55 (0.82, 2.93) 0.55 (0.49, 0.62
 de vijver Breast 0.0004 2.22 (1.41, 3.49) 0.60 (0.55, 0.65) 0.0003 2.13 (1.40, 3.27) 0.59 (0.54, 0.65) 1.01E-05 3.00 (1.80, 5.00) 0.62 (0.58, 0.67

 Prostate 0.036 2.13 (1.03, 4.41) 0.58 (0.50, 0.67) 0.0001 3.55 (1.77, 7.13) 0.63 (0.55, 0.71) 0.074 1.91 (0.93, 3.95) 0.58 (0.49, 0.66
rostate 0.058 2.45 (0.94, 6.38) 0.59 (0.48, 0.71) 0.11 2.15 (0.82, 5.63) 0.58 (0.47, 0.69) 0.076 2.43 (0.88, 6.72) 0.60 (0.49, 0.71

nature Source
Log-rank
P-value

Hazard Ratio 
(95% CI)

C-Index (95% 
CI)

Log-rank
P-value

Hazard Ratio 
(95% CI)

C-Index (95% 
CI)

mber of Genes
ng Breast 0.008 1.80 (1.16, 2.79) 0.59 (0.53, 0.64) 0.001 2.17 (1.35, 3.48) 0.6 (0.55, 0.65)
itan Breast 0.003 2.87 (1.41, 5.86) 0.63 (0.54, 0.71) 0.0003 4.99 (1.91, 13.0) 0.66 (0.59, 0.74)
r Breast 0.002* 2.29 (1.33, 3.96) 0.61 (0.54, 0.67) 0.0004 2.71 (1.52, 4.82) 0.62 (0.56, 0.69)
't veer Breast 0.004 2.30 (1.28, 4.14) 0.61 (0.54, 0.68)

)
Mille )
Van )
Soti )
Bild )
Van )
Glinsky )
Yu P )

Sig

Nu
Wa
Paw
Mille
Van 9.21E-07* 4.98 (2.45, 10.1) 0.68 (0.62, 0.75)

rious Breast 0.037 2.39 (1.03, 5.54) 0.61 (0.51, 0.72) 0.085 2.16 (0.88, 5.31) 0.60 (0.50, 0.70)
 Breast 0.01 2.07 (1.18, 3.63) 0.60 (0.53, 0.67) 0.019 1.97 (1.11, 3.50) 0.60 (0.53, 0.67)
 de vijver Breast 2.58E-05 2.42 (1.58, 3.69) 0.62 (0.57, 0.67) 1.57E-07 3.19 (2.02, 5.04) 0.65 (0.60, 0.70)

 Prostate 0.66 1.18 (0.57, 2.43) 0.53 (0.44, 0.61) 0.0006 4.17 (1.72, 10.1) 0.64 (0.56, 0.72)
rostate 0.7 1.20 (0.48, 3.02) 0.54 (0.43, 0.65) 0.52 1.34 (0.55, 3.29) 0.53 (0.42, 0.65)

Our Signature Wang et al. Pawitan et al.

Table S4. Performance Comparison of previously reported gene signatures with our signature

32 70

14 76 64

Miller et al. Van't veer et al.

Soti
Bild
Van
Glinsky
Yu P  
*The training study for individual signature. 
**This result is not adjusted for established clinical parameters such as stage, grade, and receptor status 
***C-index: concordance index (area under the curve) for censored data, which was calculated using Hmisc package in R. 
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Table S5. Primers used in this study for ChIP-PCR or qRT-PCR, F stands for forward 
primers, R for reverse primers and p for promoters. A position with negative values is for 
promoter regions upstream to transcription start site of a gene and positive values for 
mRNA transcripts.  
 

Gene Symbol Primer Sequence position 
ACTIN pF1 AGTGTGGTCCTGCGACTTCTAAG -695 
ACTIN pR1 CCTGGGCTTGAGAGGTAGAGTGT -619 

CXCL12 F1 CTAGTCAAGTGCGTCCACGA 2633 
CXCL12 R1 GGACACACCACAGCACAAAC 2853 
CXCL12 pF1 GGGGGAGTTCTCAGCTCTTT -923 
CXCL12 pR1 GGACGGGAGATTCAATGAGA -754 
GAPDH F1 TGCACCACCAACTGCTTAGC 556 
GAPDH R1 GGCATGGACTGTGGTCATGAG 642 
HMBS F1 GGCAATGCGGCTGCAA 170 
HMBS R1 GGGTACCCACGCGAATCAC 233 
KCNA1 F1 TGACGGTGATGTCTGGGGAG 2 
KCNA1 R1 GGTTGCGGTCGAAGAAGTAC 256 
KRT17 F1 GCTGCTACAGCTTTGGCTCT 224 
KRT17 R1 TCACCTCCAGCTCAGTGTTG 391 
KRT17 pF1 TTGGGGTACAGAAGGGTGAG -893 
KRT17 pR1 TCCCCAGGTTTACACTCCAG -767 

PTGER3 F1 CACACACGGAGAAGCAGAAA 1181 
PTGER3 R1 TAGAGCAGCTGGAGACAGCA 1336 
PTGER3 pF1 GGATGGTTGGAGGCTTTGTA -815 
PTGER3 pR1 CAGGAAGGTGGCATCAATTT -701 

SNCA F1 TGTGCCCAGTCATGACATTT 603 
SNCA R1 CCACAAAATCCACAGCACAC 767 
SNCA pF1 GCTGATTGGTGGAAAGGAAA -912 
SNCA pR1 CACGGTCACAGGTTACAACG -707 

SOCS2 F1 TGAGTGATGCTTCCCTTCCT 1379 
SOCS2 R1 AGTGAGGCCTGTGTCAGCTT 1600 
SOCS2 pF1 GAGTTCGAGACCAGCCTGAC -864 
SOCS2 pR1 GACCAAGTCTCCCTCTGTCG -660 
WNT2 F1 GTGGATGCAAAGGAAAGGAA 808 
WNT2 R1 AGCCAGCATGTCCTGAGAGT 959 
WNT2 pF1 CTCTTCATCCCAGCTTCAGG -390 
WNT2 pR1 GTTACGAGCACACGCGAATA -144 

 

 

 - 17 - 



A B

C

Yu et al Figure S1

5 
4 
3 
2 
1 
0 

5 
4 
3 
2 
1 
0 

H3K27me3 in MET1 

H3K27me3 in MET2 

Chr1: 914859                                                                                                                                                        46309952 
Chromosomal position 

979 

107 

969 

124 

64 103 

1951 

H3K27me3-rep1 
H3K27me3-rep2 

SUZ12 

731 
1350 2216 

371 
292 522 

898 

SUZ12-MET1 

H3K27me3-MET1 H3K27me3-MET2 

LNCaP MET tissue 

5 
4 
3 
2 
1 
0 

SUZ12 in MET1 



Downregulated in Human Embryonic 
Stem Cells vs Differentiated Counterparts

 Under-expressed in EBV 
positive Gastric Carcinoma (Leung)

Under-expressed in 
Prostate Carcinoma (Luo)

Under-expressed in Established, 
Focal, Invasive Prostate Cancer (Glinsky)

Under-expressed in ER+ Breast 
Carcinoma with Relapse (vandeVijver)

Under-expressed in Breast Ductal 
Carcinoma Grade III (Zhao)

Under-expressed in Breast Carcinoma
with poor Survival(Pawitan)Under-expressed in Prostate Cancer (Lapointe)

Polycomb Repression Signature

Under-expressed in Prostate Cancer
Gleason Score 9 (Glinsky)

Under-expressed in Endometriod 
Ovarian Carcinoma (Lu)

Under-expressed in 
Primary Ovarian Tumor (Adib)

Literature-defined Concept
Gene Expression Signature
Stem Cell Concepts
Cancer Surivival Conepts
Cancer profiling Concepts

Yu et al. Figure S2



Yu et al Figure S3

Miller_Breast (n=236)

time to relapse (year)
1086420

Log-rank p=0.0004

Patiwan_Breast (n=159)

Disease-specific survival (year)
1086420

Log-rank p=0.007

Wang_Breast (ER+, n=209)

time to relapse (year)
1086420

P
ro

ba
bi

lit
y 

of
 S

ur
vi

va
l 1.0

.9

.8

.7

.6

.5

.4

.3

.2
Log-rank p<0.0001

Van der vijver_Breast (n=295)

time to relapse(year)
1086420

P
ro

ba
bi

lit
y 

of
 S

ur
vi

va
l

1.0

.9

.8

.7

.6

.5

.4

.3

.2
Log-rank p=0.0004

Sotirious_Breast (n=94)

time to relapse (year)
1086420

Log-rank p=0.006

Bild_Breast (n=158)

Disease-specific survival (year)
1086420

Log-rank p=0.0007

Glinsky_Prostate (n=79)

time to relapse (year)
1086420

P
ro

ba
bi

lit
y 

of
 S

ur
vi

va
l 1.0

.9

.8

.7

.6

.5

.4

.3

.2

Log-rank p=0.036

Yu_Prostate (n=61)

time to relapse (year)
1086420

Log-rank p=0.06

Chen_Gastric (n=85)

Disease-specific survival (year)
1086420

Log-rank p=0.04

Low-risk (n=30)

High-risk (n=31)

Low-risk (n=38)

High-risk (n=41)

Low-risk (n=91)

High-risk (n=118)

Low-risk (n=75)

High-risk (n=84)

Low-risk (n=112)

High-risk (n=124)

Low-risk (n=139)

High-risk (n=156)

Low-risk (n=39)

High-risk (n=55)

Low-risk (n=58)

High-risk (n=100)

Low-risk (n=32)

High-risk (n=53)



A

CXCL12

7
6
5
4
3
2
1
0

Fo
ld

 e
nr

ic
hm

en
t

Chr10: 43461377                       44816299

B C
9
8
7
6
5
4
3
2
1
0

Fo
ld

 e
nr

ic
hm

en
t

Chr12: 92338168                              93044684

SOCS2

Chromosomal position Chromosomal position

5

4

3

2

1

0

Fo
ld

 e
nr

ic
hm

en
t

Chr17: 36929066                                 37122338

KRT17

Chromosomal position

Yu et al Figure S4



PcG

PcG

Normal
Differentiation

Stem Cells

Differentiated Cells Metastatic Cancer Cells

Aberrant
Differentiation

Selective
derepression
of PcG targets

Irreversible 
repression

of PcG targets

Dnmt1

Mutation

PcG-occupied genes
Methylated Histone
Acetylated Histone

PcG

PcGDnmt1

De-diffe
rentia

tio
n

Yu et al Figure S5

Cancer Stem Cells

Cancer-specific Death

PcG

PcG

PcG


	Supplementary Data 
	Index for Supplementary Data 
	Supplementary Discussion  
	Supplementary Methods  
	Supplementary References 
	Supplementary Figure Legends 
	Supplementary Tables 
	Supplementary Figures 
	 Supplementary Discussion 
	Supplementary Methods  
	 Supplementary References 
	1. Squazzo SL, O'Geen H, Komashko VM, et al. Suz12 binds to silenced regions of the genome in a cell-type-specific manner. Genome research 2006;16(7):890-900. 
	2. Lee TI, Jenner RG, Boyer LA, et al. Control of developmental regulators by Polycomb in human embryonic stem cells. Cell 2006;125(2):301-13. 
	3. Schlesinger Y, Straussman R, Keshet I, et al. Polycomb-mediated methylation on Lys27 of histone H3 pre-marks genes for de novo methylation in cancer. Nat Genet 2007;39(2):232-6. 
	4. Widschwendter M, Fiegl H, Egle D, et al. Epigenetic stem cell signature in cancer. Nat Genet 2007;39(2):157-8. 
	5. Wang Y, Klijn JG, Zhang Y, et al. Gene-expression profiles to predict distant metastasis of lymph-node-negative primary breast cancer. Lancet 2005;365(9460):671-9. 
	6. van 't Veer LJ, Dai H, van de Vijver MJ, et al. Gene expression profiling predicts clinical outcome of breast cancer. Nature 2002;415(6871):530-6. 
	7. Pawitan Y, Bjohle J, Amler L, et al. Gene expression profiling spares early breast cancer patients from adjuvant therapy: derived and validated in two population-based cohorts. Breast Cancer Res 2005;7(6):R953-64. 
	8. Bild AH, Yao G, Chang JT, et al. Oncogenic pathway signatures in human cancers as a guide to targeted therapies. Nature 2006;439(7074):353-7. 
	9. Sotiriou C, Wirapati P, Loi S, et al. Gene expression profiling in breast cancer: understanding the molecular basis of histologic grade to improve prognosis. J Natl Cancer Inst 2006;98(4):262-72. 
	10. van de Vijver MJ, He YD, van't Veer LJ, et al. A gene-expression signature as a predictor of survival in breast cancer. N Engl J Med 2002;347(25):1999-2009. 
	11. Miller LD, Smeds J, George J, et al. An expression signature for p53 status in human breast cancer predicts mutation status, transcriptional effects, and patient survival. Proc Natl Acad Sci U S A 2005;102(38):13550-5. 
	12. Glinsky GV, Glinskii AB, Stephenson AJ, Hoffman RM, Gerald WL. Gene expression profiling predicts clinical outcome of prostate cancer. J Clin Invest 2004;113(6):913-23. 
	13. Yu YP, Landsittel D, Jing L, et al. Gene expression alterations in prostate cancer predicting tumor aggression and preceding development of malignancy. J Clin Oncol 2004;22(14):2790-9. 
	14. Nutt CL, Mani DR, Betensky RA, et al. Gene expression-based classification of malignant gliomas correlates better with survival than histological classification. Cancer Res 2003;63(7):1602-7. 
	15. Phillips HS, Kharbanda S, Chen R, et al. Molecular subclasses of high-grade glioma predict prognosis, delineate a pattern of disease progression, and resemble stages in neurogenesis. Cancer Cell 2006;9(3):157-73. 
	16. Bhattacharjee A, Richards WG, Staunton J, et al. Classification of human lung carcinomas by mRNA expression profiling reveals distinct adenocarcinoma subclasses. Proc Natl Acad Sci U S A 2001;98(24):13790-5. 
	17. Carter SL, Eklund AC, Kohane IS, Harris LN, Szallasi Z. A signature of chromosomal instability inferred from gene expression profiles predicts clinical outcome in multiple human cancers. Nat Genet 2006;38(9):1043-8. 
	18. Gonzalgo ML, Isaacs WB. Molecular pathways to prostate cancer. The Journal of urology 2003;170(6 Pt 1):2444-52. 
	19. Tomlins SA, Mehra R, Rhodes DR, et al. Integrative molecular concept modeling of prostate cancer progression. Nat Genet 2007;39(1):41-51. 
	20. Boyer LA, Plath K, Zeitlinger J, et al. Polycomb complexes repress developmental regulators in murine embryonic stem cells. Nature 2006;441(7091):349-53. 
	21. Baldi P, Long AD. A Bayesian framework for the analysis of microarray expression data: regularized t -test and statistical inferences of gene changes. Bioinformatics 2001;17(6):509-19. 
	22. Subramanian A, Tamayo P, Mootha VK, et al. Gene set enrichment analysis: a knowledge-based approach for interpreting genome-wide expression profiles. Proc Natl Acad Sci U S A 2005;102(43):15545-50. 
	23. Bair E, Tibshirani R. Semi-supervised methods to predict patient survival from gene expression data. PLoS biology 2004;2(4):E108. 
	 
	 
	 Supplementary Figure Legends 
	 Supplementary Tables 
	 




