
Supplementary Methods 
 
Microarray data description 
 
Five glioma gene expression datasets were analyzed (Table 1). The datasets were labeled 

according to the names of the authors of the respective studies: ‘Gravendeel’ (1), ‘Li_Train’ 
(2), ‘Li_Test’ (2), ‘Phillips’ (3)  and ‘Freije’ (4). The ‘Gravendeel’ dataset was obtained 
directly from the authors, the ‘Li_Train’ and ‘Li_Test’ datasets were downloaded from the 
REMBRANDT database (5), the ‘Phillips’ and ‘Freije’ datasets were downloaded from the 
GEO repository (6).  Coexpression network analysis was performed on the ‘Gravendeel’ dataset, 
whereas the other datasets were used for validation. Clinical data for all the patient cohorts were 
assembled in the Supplementary Table S1. 

 
Table 1. Microarray data summary. 

# Dataset Status 
Sam
ples 

Tumor types Platform Database 
Public
ation 

1 Gravendeel Analysis 276 GBM, AA, A, AO, O U133 plus 2.0 From the authors* (1) 
2 Li_Train Validation 159 GBM, AA, A, AO, O U133 plus 2.0 REMBRANDT (2) 
3 Li_Test Validation 183 GBM, AA, A, AO, O U133 plus 2.0 REMBRANDT (2) 
4 Phillips Validation 98 GBM, AA U133A GEO (GSE4271) (3) 
5 Freije Validation 74 GBM, AA, AO U133A GEO (GSE4412) (4) 

The tumor type abbreviations in the table denote: GBM – glioblastoma multiforme, AA – anaplastic 
astrocytoma, A - low grade astrocytoma, AO – anaplastic oligodendroglioma, O – low grade oligodendroglioma.  
* - the dataset is currently available in the GEO database (GSE16011). 
 

Microarray data normalization 
 

All the datasets were downloaded in the raw format (CEL files) and normalized using an 
identical procedure. Updated CDF files (http://masker.nci.nih.gov/ev/) were used for the 
normalization to ensure masking of non-specific and mis-targeted microarray probes (7). 
Unlike standard CDF files, these files produce gene-level rather than probeset-level 
expression values, i.e. expression values for probesets that belong to the same gene are 
combined into a single value during normalization. Normalization was performed in R 
(http://cran.r-project.org/) using the “affy” package available through Bioconductor 
(http://www.bioconductor.org/). Gene expression values were generated using the MAS5 
algorithm (the "expresso" function with "mas" settings). Expression values were scaled to the 
same average intensity (absolute value 150) and further normalized using quantile method (R 
package “DNAMR”). The resulting five consistently normalized glioma datasets can be 
downloaded from the web-site: http://www.lipidomics.ru. 
 

Choice of genes for network analysis 
 

For computational reasons, coexpression network analyses are commonly performed on a 
highly informative subset of genes from the genome (8-10). Following this approach, we 
selected 4,000 genes with highest expression variance for downstream network analysis (8, 
11). 
 

Weighted gene coexpression network construction and identification of gene modules 
 
The “Gravendeel” data set was analyzed using the WGCNA R package (12). The network 

construction started by calculating all possible pairwise Pearson correlation coefficients 
between expression profiles of the variable genes. Because high correlation coefficients are 
more likely to be biologically meaningful than those close to zero, a thresholding procedure 



was applied to the Pearson network to highlight strong correlations and reduce noise. To this 
end, the Pearson correlations matrix was weighted by raising it to a power β (weighted 
correlation = correlationβ) (13). The parameter β was chosen to be 9 (β = 9) because this 
ensured an approximate scale-free topology of the resulting weighted network – the criterion 
proposed by Zhang and Horvath (13). The thresholding procedure resulted in dichotomizing 
of the network so that strong correlations produced edges with high weights whereas weaker 
ones resulted in edges of extremely low weights. Because WGCNA seeks to identify modules 
of densely interconnected genes, the signed weighted network was transformed into a network 
of topological overlap (TO) as previously described (13). TO is a pairwise measure of gene 
coexpression which takes into account not only the correlation of two genes with each other, 
but also the degree of their shared neighbors across the network and therefore serves as a 
barrier against isolated and spurious coexpression connections (13). The TO network was 
hierarchically clustered to produce a dendrogram where discrete branches corresponded to 
modules of coexpressed genes. Modules were detected using the Dynamic Tree Cut algorithm 
which iteratively decomposes and merges branches in the dendrogram until the number of 
clusters stabilizes (14) (high sensitivity mode enabled, 10 genes chosen to be the smallest 
possible module size). 

 
Testing modules’ stability  
 
Inspection of gene expression patterns within the identified modules suggested that some 

modules were based on gene coexpression across a wide range of samples whereas others 
appeared to result from coordinate gene up-regulation in a few samples. To quantitatively 
assess the modules’ stability, for each module we calculated its coexpression density, i.e. 
mean all-against-all correlation between the constituent genes. We next excluded samples one 
at a time (keeping their number constant: 276 – 1 = 275 samples) and calculated the module 
densities for all possible leave-one-out cases. For each module we compared the resulting 
density values with the original one. Modules with a more than a two-fold decrease in density 
as a result of exclusion of a single sample were excluded from further analysis. 

 
Determination of module eigengenes 
 
Within each module, we ranked genes by their intramodular connectivity that was defined 

as mean topological overlap (TO) of a gene with all the other genes in the module (13). By 
definition, highly connected genes (hubs) displayed expression profiles that best conformed to 
the overall expression trend in the module (15). Within each module, expression profiles of 10 
top hub genes were summarized into an integrated representative expression profile (module 
eigengene, ME). Summarization was performed using singular value decomposition (X = 
UDVT) so that each ME represented the first principal component of the input set of hub gene 
expression profiles (13, 16). Compared to the standard approach which consists in 
summarizing all expression profiles in a module (8, 13, 16), the hub-based approach allowed 
to obtain MEs that were uninfluenced by the less structured expression variation at the 
module periphery and resulted in more distinct and pronounced MEs. 

 
Extending modules’ gene composition to the genome scale 
 
To extend gene composition of the modules from the original 4,000 genes to the genome 

scale (18,835 genes available in the normalized microarray dataset), we developed an ME-
based gene screening procedure. For each gene in the complete dataset, we measured Pearson 
correlation between the gene expression profile and each of the MEs. This gene-to-ME 
correlation is known as module membership measure or, equivalently, ME-based gene 
connectivity measure (kME) (13, 15). Each gene in the dataset was assigned to a module 



according to the best matching ME according to its kME values. To avoid capturing weak 
associations, it was additionally required that the kME value is not less than 0.5. Genes 
weakly correlated with all of the MEs (kME < 0.5) were assigned to none of the modules. 
Note that because the original 4,000 genes were a part of the complete data set, they were also 
processed by the procedure, which resulted in approximately 20% of them (mainly those with 
low connectivity) to change their module of residence. Meanwhile, the majority of genes 
remained members of the same modules. As a result of the procedure, the size of the modules 
increased on average 3-fold. The identified genome-wide coexpression modules were used for 
all downstream analyses.  

 
Assessment of module cross-dataset similarity 
 
To assess similarity of the genome-scale modules across independent patient cohorts, we 

projected MEs from the ‘Gravendeel’ dataset onto each of the validation datasets. The 
projection was performed by calculating the MEs in these datasets based on the predefined 
constant sets of hub genes derived from the ‘Gravendeel’ dataset. In each validation dataset, 
we assigned genes to modules based on the best matching ME projection – the same 
procedure as the one applied for obtaining genome-scale modules in the ‘Gravendeel’ dataset 
(see above). We finally compared the resulting modules across the 5 datasets using Fisher’s 
exact test. To prevent overestimation of the modules similarity, hubs that were used for 
generation of the MEs were excluded from the comparison. 

 
Assessment of FDR in construction of consensus modules 
 
To refine gene composition of the modules, we used a meta-analysis approach and 

compiled consensus modules of genes that were members of the same module in at least 3 of 
the 5 datasets. To estimate the number of genes expected to become members of the 
consensus modules by chance, we used a false-discovery rate (FDR) measure. We randomly 
shuffled genes across the modules within each dataset while keeping the module sizes 
preserved and obtained consensus modules on the permuted input modules (1000 iterations). 
The FDR was calculated as mean ratio of the sizes of permutation-based consensus modules 
to the sizes of true consensus modules (the averaging was performed across the 20 modules 
and 1000 iterations). 
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