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SUPPLEMENTARY INFORMATION 

 

SUPPLEMENTARY FIGURE LEGENDS 

Suppl. Figure 1. Contribution of individual glycolysis/gluconeogenesis enzymes toward 

pathway enrichment in FDG-high samples.  (A) Example for a Kolmogorov-Smirnov mountain plot 

(1) showing the relative rank of glycolysis/gluconeogenesis pathway members within the list of all 

genes with differential expression (signal to noise) between FDG high and FDG-low breast cancer 

primary samples. (B) Relative ranking of glycolysis/ gluconeogenesis pathway members in the four 

GSEA analyses (four different line graphs) in which this pathway was significantly enriched in the 

FDG-high sample (Table S1).  Enzymes are listed by gene name/Enzyme Commission (EC) number 

and ordered by their mean rank in the four datasets (black line).  Only enzymes measured in all four 

datasets are listed.  In the breast cancer GSEA analysis shown in panel A, phosphofructo-kinase 

(PFKL) has a relative rank of 1 and hexokinase (HK) is ranked at # 12 within the glycolysis/ 

gluconeogenesis pathway members. Metabolic flux toward glycolysis (i.e., rather than towards 

gluconeogenesis) in the FDG-high samples is supported by relative upregulation of hexokinase, 

phosphofructo-kinase, and pyruvate kinase (green labels), with an mean rank of 6, in comparison to 

glucose-6-phosphatase and fructose-1,6-bisphosphatase (red labels), with an average rank of 13 

(out of 22). (C) Average rank of all Glycolysis/Gluconeogenesis, Carbon Fixation, and Pentose 

Phosphate Pathway enzyme members in the primary breast tumor-based FDG signature (n=18, SUV 

continuum signature). The enzymes in green font drive glycolysis, while those in red would drive 

gluconeogenesis. The core glycolysis pathway was included here as a point of reference. Low rank 

numbers represent higher expression in the “FDG high” samples. Compare to the average rank-

based combined “FDG-high” versus “FDG-low” analysis of all 5 uptake signatures, and to the 

glycolysis and related pathways schematic shown in Fig 2B. 
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Suppl. Figure 2. The Rank-Rank Hypergeometric Overlap (RRHO) algorithm identifies and 

visualizes similarities between breast cancer signatures. (A) Gene expression profiling 

signatures are defined as continuous lists of genes ranked by their degree of differential expression. 

Genes are ranked using the signed log10-transformed t-test p-values between class A and B, with a 

positive sign if the average expression is higher in class B and a negative sign if it is lower. This 

results in increasing genes at the top of the list and decreasing genes at the bottom. Rank-rank 

scatter plots are created from these lists and the Spearman rank correlation coefficient is 

determined. The hypergeometric p-value for enrichment is calculated for all possible threshold pairs 

for each experiment, creating a matrix where the indices are the current rank in each experiment (s, 

M). The direction-signed log10-transformed hypergeometric p-values are plotted in a heatmap as 

indicated by an accompanying color scale. These values indicate the degree of statistically 

significant overlap between the two ranked lists from that point on the map (corresponding to a rank 

threshold pair) to either the bottom left or top right corner. Multiple hypothesis corrections can next 

be applied using either permutation analysis (when sample number is large) or a Benjamini-Yekutieli 

false discovery rate correction. For details regarding the RRHO algorithm, see reference (2). (B) A 

positive control example of RRHO rank-rank scatter plot results.  Two independent basal-like breast 

tumor signatures (3) (4) demonstrate statistically significant overlap strong enough to be visualized 

as increased scatter plot density in the lower left and upper right corners, and along the diagonal.  

The Spearman rank correlation coefficient for this comparison is 0.75, and the permutation-based p-

value is less than 0.0001. 

 

Suppl. Figure 3.  Relationship between FDG-uptake and PI(3)K pathway activation.  (A)  KEGG 

metabolic pathway-based GSEA analysis demonstrates the similarity between the FDG-uptake 

signature (Fig. 1D) and a PTEN-loss signature in primary breast tumors (5) (upper table) and an 

activated AKT signature in a mouse model for prostatic intraepithelial neoplasia (PIN) (6) (lower 

table). All three signatures demonstrate enrichment for the glycolysis, pentose phosphate, and 
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carbon fixation pathways. (B) Relative rank comparisons for glycolysis enzymes in the breast primary 

tumor FDG signature, the breast primary tumor PTEN-loss signature, and the AKT mouse PIN 

signature.  The mean rank is for all FDG signatures from Fig S1.  RRHO signature overlap analysis 

between the breast primary tumor FDG signature and the breast primary tumor PTEN-loss signature 

(using all genes measured by microarray) revealed significant overlap with a Spearman rank 

correlation coefficient of 0.30 (permutation p-value = 0.0004).  Thus, the FDG, basal and PTEN-loss 

signatures from primary breast tumors all share significant overlap. (C)  Examples of PTEN 

immunohistochemistry. Shown are a representative positive staining result (top) with intense tumor 

cell staining (asterisk indicates inflammatory cells) and a negative staining result (bottom) with 

staining of only blood vessels (arrow) but not the tumor cells.  For description of PTEN IHC staining 

in breast cancer, also see (7). (D, E)  PTEN inactivation in cancer cell lines has variable effects on 

FDG-uptake. In K-ras mutant HCT116 cells, PTEN-knockout increases FDG-uptake (D).  PTEN 

knockdown (E) has no effect on FDG-uptake in two cancer cells lines harboring oncogenic EGFR 

(A431: EGFR AMP and HCC827: EGFR kinase domain mutation) and modestly raises FDG uptake 

in SKBR3 breast cancer cells (result not statistically significant). In all three cell lines, PTEN RNA 

levels were knocked down by at least 75 % (data not shown) and at the protein level (right panel) by 

the PTEN shRNA construct as measured by PTEN protein levels.  Knockout (KO), knockdown (KD), 

parental cells (PAR). 

 

Suppl. Figure 4.  Summary of immunohistochemistry results.  (A)  HIF1 alpha 

immunohistochemistry. Shown are two representative tumors with positive nuclear staining (BT08 

and BT01, with their respective FDG-PET SUVs (top) and two representative tumors with negative 

staining (bottom). For HIF1 IHC in breast cancer see also Reference (8).  (B)  p-PRAS40 

immunohistochemistry results. Shown are representative examples for breast carcinomas with 

positive (left) and negative (right) staining.  (C)  Summary table of breast tumors with their FDG-PET 

SUV values and tumor cell staining for HIF1 alpha, p-PRAS40, PTEN, and MYC.
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SUPPLEMENTARY METHODS 

In-vitro FDG uptake assays. 2 x 105 cells were seeded in triplicate on 6-well plates and incubated 

overnight in culture medium.  The next morning, the culture medium was removed from the 6-well 

plates and cells were incubated for 2 hours in fresh culture medium containing 18FDG at a 

concentration of 0.5 μCi/ml.  The medium was aspirated, cells washed 3 times in PBS, trypsinized, 

and resuspended in culture medium.  Two thirds of the suspension was used for (18)F-FDG uptake 

determination by a gamma-counter (Wallac Wizard model 1480-11 with a 3” crystal). One third was 

reserved for viable cell number counts using the VI-Cell XR automated cell-viability analyzer 

(Beckmann Coulter).  Disintegrations per minute per cell were calculated for each well and the 

average of three wells was reported as the FDG uptake for each cell line.  All cell line cultures were 

maintained in DMEM supplemented with 10% fetal bovine serum (FBS) during FDG-uptake assays. 

 

FDG-PET Imaging. All patients fasted for at least six hours prior to imaging and pre-examination 

blood glucose levels were obtained. Patients were injected with 370 – 555 MBq (10-15 mCi) 

pyrogen-free 18F-FDG.  Imaging was performed 50 to 60 minutes later on an ADVANCE (General 

Electric Medical Systems) whole body PET/CT scanner in accordance with the MSKCC PET 

protocol. CT data were used for attenuation correction. All images were iteratively reconstructed 

using post-emission transmission attenuation-corrected data sets.  A standard ROI analysis tool 

provided with the scanner was used to calculate the maximal FDG concentration within the primary 

tumor mass. SUVmax values were obtained by correcting for the injected dose and patient weight, 

again using the standard software tools. Only FDG uptake in the primary site was analyzed. We did 

not correct for partial volume effect based on the resolution of our GE Advance FDG-PET scanner, 

which is 5-7 mm, depending on the distance from the center of the field. Count recovery even for the 

1.4 cm, small tumor will be >90% (9). For the patient with anaplastic astrocytoma, preoperative 

anatomical MRI images were uploaded to the BrainLAB VectorVision® neuronavigation system, a 

frameless stereotaxy and image-guided surgical navigation system. Planned resection volume was 
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contoured by the neurosurgeon conventionally, based on the anatomic MRI. Afterwards, 18FDG PET-

MRI studies were uploaded and registered by a radiologist. During surgery, location was tracked by 

frameless stereotaxy. The stereotactic system was used to mark sites of biopsy as 3D points in the 

space of the navigational image. The navigational image was updated with intraoperative MRI prior 

to deep region of interest (ROI) biopsies to ensure accurate annotation of the biopsy site in relation 

to the tumor mass despite brain shift during resection.  

 

Immunohistochemistry. 5 μm paraffin sections were immunostained using antibodies against 

PTEN (Cell Signaling Technologies, Daners, MA, 1:100), C-myc (Epitomics, Burlingame, CA, 

1:2000), p-PRAS40 (Invitrogen-Biosource, Dilution at 1:1000), and HIF-1 (Novus Biologicals, 

Littleton, CO, NB100-123 mouse mAb, 1:1600). Staining was performed in a Ventana autostainer 

using manufacturer’s protocols. PTEN staining was scored by comparing signal intensity in tumor 

tissue to that of adjacent vasculature and normal lactiferous ductules (7) (see Fig. S3C). p-PRAS40, 

C-MYC, and HIF1 staining were scored as either “positive” or “negative”, focusing on cytoplasmic 

and membranous staining for p-PRAS40 and nuclear staining for C-MYC and HIF1 (see Fig.4 and 

Fig.S4).  All IHC scoring was performed by a Pathologist (JTH) blinded to the results of other 

molecular assays and the FDG-PET SUVs. Hormone receptor status was determined by IHC 

through the MSKCC Clinical Laboratory.  

 

Gene expression measurement and analysis. Cell line RNA was extracted from a 10 cm plate 

seeded simultaneously and at the same density as the wells for FDG-uptake assays. For primary 

human tumor samples, RNA was extracted from macrodissected frozen tumor tissue. All cell line 

RNA samples and the astrocytoma RNA aliquots were hybridized to Affymetrix U133 Plus 2.0 arrays. 

Breast cancer RNA samples were hybridized to Affymetrix U133A arrays and files were uploaded to 

GEO (GSE21217)(10). To identify pathways associated with increased FDG-retention, we used the 

gene-set-enrichment analysis (GSEA) algorithm (1) and pathway annotation defined by i) the Kyoto 
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Encyclopedia of Genes and Genomes metabolic pathways (KEGG) (release 44.0) (11) or ii) the 

Molecular Signatures Database (MSigDB) C2 collection (version 2.5) of canonical signaling 

pathways, cellular processes, chemical and genetic perturbations, and human disease states (1). For 

KEGG-based analysis, we collapsed gene expression probes based on enzyme activity (Enzyme 

Commission numbers [EC]) rather than on gene identity to avoid unequal representation of 

equivalent enzymatic function within pathways – thus emphasizing potential flux through the network. 

The metric used for gene ranking was either the signal to noise ratio (SNR) between the FDG high 

and FDG low phenotypes (classes) or the correlation of the expression values of a gene with the 

FDG-PET SUV values across the tumors (SUV continuum approach). The metric was calculated for 

all candidate probesets of each gene or enzymatic activity and the probeset with maximum absolute 

metric value was retained. Probeset annotation was based on UniGene build #201 and UniGene 

identifiers were mapped to each EC using the gene names provided by KEGG. Pathways with fewer 

than three or greater than 500 nodes represented by the data were excluded from the analysis. This 

resulted in 95 KEGG metabolic genesets and 1822 MSigDB C2 genesets.  

 

To examine the statistical robustness of our FDG signature, our analysis included two types of 

controls:  

• All 95 KEGG metabolic gene sets were analyzed in parallel and the resulting Normalized 

Enrichment Score (NES) were determined.  The results shown in Table S1 show that the glycolysis 

gene set is the metabolic pathway most strongly and consistently enriched, followed by carbon 

fixation, pentose phosphate and others. The majority of gene sets, including, for example, four 

pathways related to fatty acids (polyunsaturated fatty acid biosynthesis-map01040, fatty acid 

biosynthesis-map00061, fatty acid elongation in mitochondria-map00062, and fatty acid metabolism-

map00071) showed no significant correlation.   

• The same analysis was repeated numerous times using permutated data to estimate the 

frequency at which one would expect to see the observed true results by random chance. In our 



 7

cases, the genes in each gene set were permutated to create random gene sets.  This last test also 

helps normalize the statistical analysis for gene set size (Subramanian, PNAS, 2005). 

 

The classic enrichment statistic was selected. For the calculation of permutation p-values, 1000 

permutations of samples were performed when combinatorially possible, and of genes otherwise. To 

use multiple datasets in a summary enrichment analysis, we developed an average rank-based 

enrichment approach. Rank-ordered gene signatures were first created for each individual dataset. 

Genes were then assigned an average rank across the datasets, were next re-ranked based on this 

average and this re-ranked list was used in the enrichment analysis. For determination of the 

average rankings, the individual rankings were normalized to control for the number of genes on 

each microarray platform. Average rank-based GSEA results were highly comparable to the 

consistent enrichment trends seen across individual GSEA analyses (see Table S1).  

 

Metabolic pathway-based weighted gene voting predictions. Gene expression signature-based 

predictions of FDG uptake were made using weighted gene voting (WGV)(12). The t-score between 

the FDG-high and FDG-low breast primary tumors (training set) were used as the voting weights 

(13). Probe collapsing to genes was performed using the probe with the largest absolute value t-

score. WGV-based predictions were made using either the genes in the specified metabolic 

pathways, or using the top n genes from a list of genes ranked by their absolute t-score. Sample 

label-based permutation analysis was performed to test the statistical significance of the observed 

correlations between prediction scores and actual FDG-uptake. All cell lines for which we made 

FDG-uptake measurements and corresponding gene expression profile measurements were 

included in our analysis. 

 

Rank-rank hypergeometric overlap (RRHO) signature comparison algorithm. As in gene set 

enrichment analysis (GSEA) analysis (1), each gene signature was defined as a list of genes ranked 



 8

by their differential expression patterns across the phenotypes (classes) for RRHO analysis  (2). 

Probesets were ranked either according to the correlation of their expression values with the FDG-

PET SUV values across the tumors (SUV continuum approach) or by their Student’s t-test 

significance and direction of change between the two phenotypes of interest. The metric was 

calculated for all candidate probesets of each gene and the probeset with maximum absolute metric 

value was retained. Sliding thresholds for the number of genes from each end of the ranked lists 

were systematically assayed for significant overlap using the hypergeometric distribution, resulting in 

a matrix of p-values representing the overlap at the tops and bottoms of the both lists.  The minimal 

p-value was used as the summary statistic. To measure the overall significance of the results, the 

procedure was repeated with random permutations of the sample labels and the proportion of cases 

that had a hypergeometric p-value minimum lower than the true minimum was reported as a 

permutation p-value. We used random permutation of the enrichment scores and Kolmogorov-

Smirnov sliding threshold-based statistics to determine the frequency at which stronger MYC up and 

MYC down enrichment was seen at random (Fig. 4A). The likelihood of seeing the observed degree 

of enrichment for “MYC up” signatures and anti-enrichment of “MYC down” signatures was p = 0.002.  

 

Gene copy number analysis. Genomic DNA were extracted from macrodissected frozen tumor 

samples as previously described (14). DNA was hybridized to Agilent Human Genome cGH 244A 

arrays at the Genomics Core of Memorial-Sloan Kettering Cancer Center. A second dataset of breast 

cancer profiles (4) was downloaded from GEO. Log2 ratios were processed by Circular Binary 

Segmentation (15) and the segmented values used for further analysis. Segment Log2 ratios for 

each unique RefSeq gene (~ 19,000 genes) were generated by collapsing multiple gene transcripts 

to the largest union of gene boundaries and viewed using IGV. Copy number transitions 

(segmentation boundaries) were counted for autosomes in each cGH profile, excluding segments 

spanning fewer than 4 microarray probes. The copy number raw data for the ‘FDG signature score’ 

predicted breast tumors in Fig.3C is from the original publication (4).  
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Mutation detection. We used the iPLEX Gold genotyping assay as previously described (16). 

SpectroCHIPs were analyzed using a Bruker Biflex III matrix-assisted laser desorption/ionization–

time of flight (MALDI-TOF) mass spectrometer (SpectroREADER, Sequenom). All results were 

manually inspected, using the MassARRAY TyperAnalyzer v4.0 software. Mutations were confirmed 

by alternate multiplex MassARRAY analysis and Sanger Sequencing.  
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