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SUPPLEMENTARY INFORMATION  

SUPPLEMENTARY METHODS 

BTIC classifications 

In order to classify BTIC isolates by tumor subtypes according epigenetic signatures 

produced by The Cancer Genome Atlas (i.e., classical, mesenchymal, neural, and 

proneural) (Phillips et al., 2006; Verhaak et al., 2010), we first performed RNA-seq on all 

BTICs presented in Fig 1 (n=3) using an Illumina HiSeq 2000 according to the 

manufacturer’s instructions (FHCRC Genomics Shared Resource). RNA-Seq reads 

were aligned to the GRCh37/hg19 assembly using Tophat (Trapnell et al., 2012) and 

counted for gene associations against the UCSC genes database with HTSeq, a python 

package for analysis of high-throughput sequencing data (Anders, 2010). The R 

language of statistical computing was used for further analysis (R Development Core 

Team, 2011). All data was combined and normalized using a trimmed mean of M-values 

(TMM) method from the R package, edgeR (Robinson et al., 2010; Robinson and 

Smyth, 2007, 2008). Normalized counts were then log transformed, and the means 

across all the cell lines were used to calculate relative gene expression levels. The 

BTIC line data was clustered using a Manhattan distance complete-linkage method to 

establish leaflets. Previously 173 glioma cell lines were subtyped using the expression 

of 840 signature genes (Verhaak et al., 2010). Our samples were clustered using 790 of 

these genes. The associations of our cell lines to those in publication were determined 

by minimum Manhattan distance to expression centroids produced by ClaNC. If a gene 

was expressed consistently in a particular subtype by absolute distance than that was 

counted as a 1 and the number of associated genes in each category were summed. As 
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a validation, the four subtypes are clearly distinguished when the method is applied to 

the 173 glioma lines described previously (Verhaak et al., 2010).  

Construction of GBM Bayesian Network 

The Bayesian network is one type of probabilistic causal network, providing a 

natural framework for integrating diverse types of data (where a joint probability can be 

decomposed to several conditional probabilities as 1
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Bayesian networks have been successfully used for modeling complex human diseases 

such as diabetes and obesity in different models (Schadt et al., 2005; Schadt et al., 

2008; Yang et al., 2009; Zhu et al., 2004). Because the edges in Bayesian networks are 

directed, they not only represent interactions among genes, but also, when such 

information is available, they can represent causal associations between genes 

especially when genetic information is used as priors (Schadt et al., 2005; Zhu et al., 

2007; Zhu et al., 2008). 

To accurately construct a Bayesian network de novo, a large number of 

heterogeneous samples are needed (Zhu et al., 2007). As a result of The Cancer 

Genome Atlas (TCGA), gene expression data for over 300 GBM has been generated 

using standardized isolation techniques and data collection platforms (Cancer Genome 

Atlas Research Network, 2008). To begin building the network, we selected genes from 

319 brain tumor expression profiles that could be robustly detected. Gene expression, 

which is a continuous variable, was discretized into one of three possible states (i.e., 

down-regulated, up-regulated, or no change relative to the reference channel) guided by 

k-means clustering (Zhu et al., 2007), modified to discourage extremely unbalanced 

classes. From this process, 8451 genes were identified and put into a Bayesian network 
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construction software program based on a previously described algorithm (Zhu et al., 

2004; Zhu et al., 2007).  

The fitting of a network model M given observed data D is evaluated by the 

Bayes formula to determine the probability as a function of our prior belief that the 

model is correct and the probability of the observed data given the model: P(M | D) ~ 

P(D|M) * P(M). The number of possible network structures grows exponentially with the 

number of nodes, so an exhaustive search of all possible structures to find the one best 

supported by the data is not feasible, even for a relatively small number of nodes. We 

employed Monte Carlo Markov Chain (MCMC)(Madigan and York, 1995) simulation to 

identify potentially thousands of different plausible networks, which are then combined 

to obtain a consensus network (see below). Each reconstruction uses a random seed. 

Random local changes are then made by flipping, adding, or deleting individual edges, 

ultimately accepting those changes that lead to an overall improvement in the fit of the 

network to the data. We assess whether a change improves the network model using 

the Bayesian Information Criterion (BIC) (Schwarz, 1978), which avoids over-fitting by 

imposing a cost on the addition of new parameters. This is equivalent to imposing a 

lower prior probability P(M) on models with larger numbers of parameters.  

We reconstructed 1000 Bayesian networks starting with 1000 different randomly 

seeds. Markov Chain Monte Carlo simulation was then employed to identify the most 

plausible networks. For each seed, 12*N2 iterations of MCMC were run, where N is the 

number of nodes in the network. From the 1000 reconstructed networks we determined 

the consensus network by retaining only those edges represented in a percentage of 

the individual networks. From the resulting set of 1000 networks generated by this 
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process, edges that appeared in greater than 30% of the networks were used to define 

a consensus network. Edges in this consensus network were removed if 1) the edge 

was involved in a loop, and 2) the edge was the most weakly supported of all edges 

making up the loop. The resulting network consists of 14,349 links. Since this network is 

solely created from expression profiles, it represents nodes that are transcriptionally 

regulated within GBM tumors. 

 

Screen hit prioritization 

The shRNA kinome screen revealed 48 candidate genes differentially required 

for BTIC-G166 growth, as compared to NSC-CB660 cells (Supplemental Table S1). The 

48 candidates comparing to random 48 candidates drawing from the kinome library 

were significantly enriched for GO biological processes histone phosphorylation, 

integrin-mediated signaling pathway, protein amino acid phosphorylation, and regulation 

of cell cycle with permutation-based p-values 0.002, 0.001, 0.005, and 0.009.  

In an attempt to refine this analysis, we next examined whether hits could be parsed 

into distinct pathways and/or complexes using protein-protein interaction networks 

similar as outlined by ref. 20. By this analysis, most of hits were connected in a single, 

large subnetwork, enriched for 248 GO biological processes (multiple testing adjusted 

p-value<0.01), such as protein kinase cascade (p-value= 5.57881e-085) and protein 

amino acid phosphorylation (p-value=1.10068e-082). This lack of specific biological 

processes likely reflected the fact that these kinases are well studied and involved in 

many biological processes and thus did not provide any useful information for 

prioritizing of candidate hits.  
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As an alternative strategy, we examined the occurrence of screen hits in GBM 

specific regulatory network, constructed de novo from over 421 TCGA GBM tumor 

samples (Cancer Genome Atlas Research Network, 2008) by integrating gene 

expression and DNA copy number variation data (Tran et al., 2011; Zhu et al., 2008). 37 

of 48 shRNA candidate hits appeared as nodes in the GBM network. Analysis of 

subnetworks in the GBM network, revealed 15 biological processes significantly 

enriched (5 cell cycle related, 9 general phosphorylation related), including the M phase 

of mitotic cell cycle (p-value=1.64e-5). For GBM, the largest subnetwork contained four 

screen hits, including AURKA, BUB1B, MELK, and PLK1 (Supplementary Fig. 1). By a 

key driver node analysis, a metric that helps predict the relative importance of nodes 

(Yang et al., 2009; Yang et al., 2011), BUB1B scored as the top ranked screen hit (p-

value = 0.002980). We further checked shRNA candidate hits in a normal brain 

transcriptional network constructed 160 non-dementia normal human prefrontal cortex 

samples. By contrast, there are only 20 of 48 candidate hits in the normal brain network, 

candidate hit subnetworks in the normal brain network are smaller. These subnetworks 

are only enriched for general phosphorylation related GO biological processes (data not 

shown). And BUB1B is connected only one gene in the network (Fig. 1B).  
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