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Summary

The analysis performed within firehose workspace prod_2011_01_14_gbm_02, can be grouped into three general categories: mutation and copy number analysis, molecular subtype clustering, and correlation analysis across data types. For an overview of workflow, please see Figure 1.
The analysis pipeline identified 106 significant mutated genes (q<0.1); and 10 significant genes with mutations from COSMIC. The molecular subtype analysis identified one mRNA subtype cluster significantly associated with VITALSTATUS (p<0.00167). A large number of DNA regions have copy amplification and deletion. No mutation gene and miRNA subtype clusters are found to be associated with clinical parameters. A list of mRNA genes is highly correlated with methylation, clinical variables and copy number change. 
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Figure 1: analysis overview

Result
Mutation and copy number analysis
Mutation analysis: We use our in-house gene significance calling method (MutSig: unpublished; [16]) to call significant mutated genes. We identified 106 (q<0.1) significantly mutated genes from sequences of 169 individuals
. There are 10 significant genes with mutation found previously from COSMIC. 
 There are 362 genes with clustered mutations (<=3 amino acids apart). There are 21622 mutations after filtering mutations outside of gene sets and from zero-coverage samples [16]. There are 16281 non-silent mutations. The top ranked genes and breakdown of mutations by type and categories is shown in Figure 2. 
[image: image2.png]SIGNIFICANTLY MUTATED GENES (COSMIC TERRITORY ONLY)

-——---———
bradykinin receptor Bz 0.11

12 Cmm'fsq chromosome 10 open reading frame 54 2 1 1 169 oooo&s 0.11
13 Cigorfi4s  chromosome 14 open reading frame 145 1 1 1 169 0.00065 0.11
14 CFTR f':’amﬂm:yﬁb'c, mm“’is"hamﬂ | S 4 1 1 169 0.00065 0.11
15 COPS3 COPg constitutive photomorphogenic homolog subunit 3 (Arabidopsis) 1 1 1 160 0.00065 0.11
16 ELAVL2 ELAV (embryonic lethal, abnormal vision, Drosophila)-like 2 (Hu antigen B) 1 1 1 160 0.00065 0.11
17 IMPG2 interphotoreceptor matrix proteoglycan 2 4 1 1 169 0.00065 0.11
18 JAKMIP1 janus kinase and microtubule interacting protein 1 3 1 1 160 0.00065 0.11
19 KRTz222 2 1 1 160 0.00065 0.11
20 MFAP5 microfibrillar associated protein 5 2 1 1 160 0.00065 0.11
21 NCAPD2 non-SMC condensin I complex, subunit D2 1 1 1 160 0.00065 0.11
22 OR5Mg olfactory receptor, family 5, subfamily M, member g 3 1 1 160 0.00065 0.11
23 P2RY10 purinergic receptor P2Y, G-protein coupled, 10 2 1 1 169 0.00065 0.11
24 PLCL2 phospholipase C-like 2 2 1 1 169 0.00065 0.11
25 S1PR3 2 1 1 160 0.00065 0.11
26 ST6GAL1 ST6 beta-galactosamide alpha-2 6-sialyltranferase 1 1 1 1 160 0.00065 0.11
27 NF1 neurofibromin 1 (neurofibromatosis, von Recklinghausen disease, Watson disease) 17 289 ] 48,841 0.00097 0.16
28 PDGFRA platelet-derived growth factor receptor, alpha polypeptide 9 70 2 11,830 0.0010 0.16
29 CACNA2D3  calcium channel, voltage-dependent, alpha 2 /delta subunit 3 1 2 1 338 0.0013 0.16
30 DDX50 DEAD (Asp-Glu-Ala-Asp) box polypeptide 59 2 2 1 338 0.0013 0.16

NONSILENT MUTATIONS: CATEGORIES AND MUTATION RATES MUTATION BREAKDOWN BY TYPE
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Figure 2: gbm_mutsig

Copy number analysis: We used GISTIC2 [11] to perform copy number analysis to identify genomic regions showing amplification and deletion. The significantly amplified region and deleted region are shown in Figure 3.
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Figure 3: gbm_gistic2

Molecular subtype clustering

mRNA subtypes: We applied consensus non-negative matrix factorization method to identify molecular subtypes based on mRNA expression [14]. We select 1500 most variable genes and applied Consensus NMF clustering method to classify 440 samples. Our analysis identified 3 subtypes. "Core samples" representative of each cluster were identified based on positive silhouette width [14]. Core samples indicate higher similarity to their own class than to any other classes. We used core samples to select differentially expressed marker genes (p<=0.05) for each subtype by comparing the subclass versus the other subclasses based on student's t-test. 
In addition, we also applied an alternative consensus hierarchical clustering methods [15] using 440 samples and 1500 genes to identify 4 molecular subtypes (Figure 4).

miRNA subtypes: We used similar approach to identify molecular subtypes based on miRNA expression. We select 150 most variable miRNAs. We applied CNMF consensus clustering to 415 samples and identified 3 subtypes. We also applied consensus hierarchical clustering to 415 samples to identify 3 subtypes using the 150 most variable miRNAs (Figure 4).
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Figure 4: gbm_subtypes
Correlation across data types
Mutation vs. clinical: We examined the association between the status of the 98 significantly mutated genes and clinical VITALSTATUS of 167 samples. 
We used the chi-square test
 to calculate the significance of association. No single mutated gene is found to be significantly associated with VITALSTATUS. 

Molecular subtypes vs. clinical: We found significant association between the four subtype clusters identified by CONSENSUS_MRNA_CLUSTERING and clinical feature 'VITALSTATUS' (chi-square test p-value < 0.00167).  However, we didn’t found significant association between the 3 subtypes identified by CNMFCLUSTERING_MRNA and clinical feature VITALSTATUS. The P value by Chi-square test is 0.426. The significant association is mostly driven by the smallest mRNA cluster by CONSENSUS_MRNA_CLUSTERING (Figure 5).

We didn’t find significant association between CNMFCLUSTERING_MIRNA and clinical feature VITALSTATUS (Chi-square pval=0.868); also no association found between CONSENSUS_MIRNA_CLUSTERING and clinical feature VITALSTATUS (chi-square p-value=0.358) [1]. 
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Figure 5: correlate subtypes with clinical variable VITALSTATUS.

miRNA/mRNA vs. clinical: we performed association analysis between 556 miRNAs and 6 clinical features of 415 samples. The 6 clinical features are as following: PATIENTTUMORRECURRENCESTATUS, KARNOFSKYPERFORMANCESCORE, HISTOLOGICALTYPE, VITALSTATUS, NEOADJUVANTTHERAPY, GENDER
.  556 genes are used based on a statistical selection criteria at P value <= 0.01. 
The numbers of genes that are significantly associated with each clinical feature are linked in reference [4]. 

We also performed association analysis between 18699 mRNAs and the same 6 clinical features of 435 samples. The numbers of genes that are significantly associated with each clinical feature are linked in reference [1].

mRNA/miRNA expr vs. copy number: we calculated the pearson correlation between expression intensity and log2 copy number (the gene-by-sample copy number data is obtained using CNTools package of bioconductor). The correlation distribution and significantly correlated mRNA genes are shown in Figure 6. The correlation distribution and significantly correlated miRNA genes are shown in Figure 7.
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Figure 6: correlate mRNA expression and copy number
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Table 1. Counts of microRNAs and number of samples in copy number and expression data sets and common to both

Description CN data

sample 430 415
20390 557 357
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Figure 7: correlate miRNA expression with copy number

mRNA vs. methylation: we calculated the spearman correlation between mRNA and methylation. The result is shown in Figure 8.
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Figure 8: correlate expression and methylation

Method
Data description: We included for the analysis high-throughput sequencing data of 169 individuals; mRNA expression data of 440 individuals; miRNA expression data of 415 individuals.
Mutsig: There are 45684 total number of mutations in the 169 input MAF generated at Broad Institute. There are 21836 noncoding mutations after removing 23848 noncoding mutations. There are 21828 mutations after collapsing adjacent/redundant mutations. We removed 178 mutations outside of gene sets; 28 “impossible” mutations in gene-patient-category bins of zero coverage.
GISTIC2: (unpublished)
Consensus clustering using mRNA/miRNA: We performed clustering using the median based integrated expression data generated from Affymetrix HT-HG-U133A genechips, Affymetrix Human Exon 1.0 ST GeneChips, and custom designed Agilent 244k feature Gene Expression Microarrays.
 If a gene was only assayed on one platform, this measurement was used. If the gene was assayed on two platforms, the average of the two measurements was used; if the gene was assayed on all platforms the median measurement was used. We used the average silhouette width calculation for selecting the robust clusters.
For clustering analysis of miRNA DATA, we used the mean row subtraction of expression data, we filtered the data to 150 most variable miRNAs. Consensus NMF clustering of 415 samples and 150 miRNAs identified 3 subtypes, with the stability of the clustering increasing for k = 2 to k = 8 and the average silhouette width calculation for selecting the robust clusters. 
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�169 are WGA now. There are 24 native samples for WES coming. Need to include this information. 19 of 20 WGS is available. 1 sample with incomplete checksum. Aaron is running co-cleaning on 14-15 WGS samples now.


�Is this significance calculated only using the mutations seen in COSMIC?


�The report of GISTIC2 is largely incomplete. Can someone give me a quick intuition of what is G-score and how is the cutoff chosen to define significant amplification/deletion?


�This is reasonable! An alternative and arguably more powerful approach is to use PAM analysis developed by Tibshironi et al which is based on a modified t-test by adding a Bayesion factor to the denominator.


�We might need to compare the result from two clustering approaches. Maybe need to compare with public reference GBM gene sets.


�Howis the 98 genes chosen? Besides single mutation, it will also be interesting to test co-mutation and combination of mutations for clinical association as well. I will work to include this feature into NetSig!


�When any expected value in contingency table is smaller than 5, probably should use Fisher’s exact test to estimate p-value.


�Again, we need to compare the two clustering result to confirm if this real.


�Ask Gordon for more clinical parameters (tier1). For high mutation samples, neeed to check if treated or mismatch (dbGAP).


�Which statistical criteria?


�From the correlation distribution, it looks about 50% expression variation are explained by copy number (if we assume cor>0.35 is significant). Perhaps we can do a regression analysis to get a more accurate estimate about this.


�Need to address Clinical assay vs. research asasy.


�What would happen if clustering on each platform separately and then combine later? 





