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Assignment of tags to genes

To assign tags to genes, we employed a hierarchical strategy based on the
expectation that tags are most likely to originate from the 3’-most Nlalll site in
known transcripts. To this end, virtual tags were extracted from SAGE Genie [1]
and Ensembl [2]. The SAGE Genie annotation (version Feb. 2, 2010) consisted of
105 sets of virtual tags obtained by scanning for NIalll sites in cDNAs (from
RefSeq, MGC and GenBank), expressed sequence tags (ESTs), UniGene consensus
sequences and transcribed regions identified by tiling array analysis
(transfrags). SAGE Genie further classifies these virtual tag sets based on the
position of the tag relative to the transcript 3'-end, along with indicators of 3'-
end reliability (polyadenylation signal and poly(A) tail).

Since SAGE Genie does not cover Ensembl transcripts, we also extracted virtual
tags from Ensembl genes of biotype 'protein_coding' or 'processed_transcript’. A
virtual tag was extracted from the 3'-most Nlalll site in each Ensembl transcript.
If this site was located fewer than 17 nt from the end of the transcript, the
sequence was extended with As to represent the poly(A) tail. In such cases,
additional upstream tags were also extracted until one tag fully contained in the
transcript sequence was obtained.

Sets of tag-gene
associations

Hierarchical strategy for assigning tags to genes.
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Some virtual tags can be associated with multiple loci, in particular when
considering the more comprehensive SAGE Genie annotations based on ESTs. To
prioritize more likely tag-gene associations, we assigned virtual tags to genes
using the hierarchical strategy schematically illustrated on page 1. Virtual tags
were initially ranked as follows:

1. Reference tags: SAGE Genie tags from the 3'-most cut site in RefSeq or MGC
cDNAs having a poly(A) tail or a polyadenylation signal, and Ensembl tags
from transcripts of type 'protein_coding' or 'non_coding'.

2. cDNA tags: SAGE Genie tags from the 3’-most cut site in GenBank cDNAs
having a poly(A) tail or a polyadenylation signal, and remaining Ensembl tags.

Remaining SAGE Genie datasets were assigned ranks from 3 onwards, following
the ranking order in SAGE Genie. We used all SAGE Genie mappings except those
to transfrags. Each virtual tag was also assigned an ambiguity status: "unique"” if
the tag mapped to a single gene; or "best" if the tag mapped to multiple genes,
but its highest-ranking mappings represented a single gene. We discarded virtual
tags that had multiple highest-ranking mappings unless they all corresponded to
the same gene. To determine whether different tag mappings identified the same
gene, we made use of cross-references between Ensembl Gene IDs, Entrez Gene
IDs, UniGene IDs and cDNA/EST accession numbers, as well as genomic
coordinates (obtained from the Ensembl and UCSC Genome Browser databases)
of Ensembl Genes, RefSeq transcripts, cDNAs and ESTs.

Multiple virtual tag sets suitable for different analyses were obtained by
thresholding on rank. In addition, the short-read aligner bowtie [3] was applied
to determine unique, perfect matches for sequenced tags to the reference
genome.

Tag-seq differential expression analysis

The Tag-seq data were used to compare gene expression between the three GNS
cell lines G144, G166 and G179 and the two NS cell lines CB541 and CB660,
leading to the identification of three sets of differentially expressed genes:

* 739 genes (Additional file 5) with different mean expression between GNS
and NS cells were identified at an estimated false discovery rate (FDR) of 10%,
using the reference virtual tags (rank 1) with ambiguity status "unique" or
"best". This is a conservative set of virtual tags, but covers the great majority
of sequence reads that could be mapped to the genome or known
transcriptome (Additional file 2), and should therefore be suitable for most
analyses. We calculated an expression value for each gene in each cell line by
summing the counts of tags assigned to the gene. The Bioconductor package
DESeq was then used to call differentially expressed genes, as detailed below.
The results were used for pathway analysis, functional enrichment analysis
and comparison with copy number aberrations.

* 92 genes (Additional file 8) displaying major expression differences common
to all three GNS cell lines were identified using all tags mapped to the
transcriptome or genome. Differential expression analysis was carried out
using four different tag sets independently and the results combined. The tag
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sets were: (a) rank 1 virtual tags; (b) rank 1 and 2 virtual tags; (c) all virtual
tags; and (d) all observed tags mapping perfectly to a unique location in the
reference genome. For tag sets a-c, gene expression values were first
computed by summing the counts of tags assigned to each gene. For set d,
individual tags were tested for differential expression. In each case, statistical
testing was carried out using DESeq at an FDR threshold of 1% and
additionally requiring: a two-fold or greater change in each GNS line
compared to each NS line, with the direction of change being consistent
among the lines; and an expression level above 30 tags per million in each
GNS line (if upregulated in GNS lines) or each NS line (if downregulated in
GNS lines).

* 25 noncoding RNAs with different mean expression between GNS and NS lines
were identified at an estimated FDR of 10%, by testing each tag that mapped
perfectly to a unique location in the reference genome (using DESeq as
described below) and filtering the results to exclude protein-coding
transcripts. All 25 RNAs are supported by published cDNA sequences or
expressed sequence tags (Additional file 6).

The Bioconductor package DESeq version 1.0.6 was used to normalize expression
values and test for differences in expression between GNS and NS cells, by
applying the functions estimateSizeFactors, estimateVarianceFunctions and
nbinomTest with default parameters. This procedure implements the
methodology described by Anders and Huber [4]. Briefly, the normalization
serves to make tag counts comparable between samples by adjusting for
differences in read depth and transcriptome complexity. The variance within
each group of samples (GNS and NS) is then estimated by fitting a negative
binomial model to the data, and this model is used to test each gene (or tag) for
difference in expression between the two groups.

Integrated glioma pathway map

Pathway maps were created in Cytoscape 2.8.2 [5], integrating data from the

following sources:

* The glioma and P53 pathways from the KEGG database [6]

* The glioma pathways described by Cerami et al. [7], Furnari et al. [8] and
GenWay Biotech [9]

* The P53 pathway from the Panther database [10] and the GeneAssist Pathway
Atlas [11]

* The P53, PTEN and Rb1 pathways from Biocarta [12]

* The MAPK signaling pathways from the Cell Signaling Technology website
[13] and Wikipedia [14]

Every interaction in the integrated pathway was checked to be validated

experimentally via literature searches and the interaction databases BioGRID

[15] and IntAct [16].
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