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Whole genome sequencing and analysis 
Extracted DNA samples were sequenced on three lanes of Illumina 

Hiseq2000 sequencers to produce paired-end reads of 100bp. FASTQ files 

from each lane were aligned to the human reference genome (GRCh37).  

Data for each sample were merged and duplicate reads were marked using 

Picard (http://picard.sourceforge.net/). Somatic SNVs were called by 

SomaticSniper (1) using a score threshold ≥40, mapping threshold ≥40 and 

depth in tumor and normal ≥10. Likely false positive SNVs were removed 

using a set of pre-determined filters (2). Somatic indels were called using 

Strelka (3) with the default configuration for BWA and low confidence indels 

were removed. All SNVs and indels were annotated (4) and SNVs and indels 

present in dbSNP 135 were excluded. Somatic structural variation was 

assessed by comparing tumor and normal genomes using CREST under the 

default settings (5).  

 

SNP array analysis 
Genome-wide genotyping for tumor and blood DNA samples was conducted 

on Illumina HumanOmni2.5 SNP arrays. Raw data files were processed using 

GenomeStudio. ASCAT 2.1 analysis was conducted to identify somatic copy 

number alterations, loss of heterozygosity and estimate tumor sample 

germline contamination (6). 

 

RNA extraction and Array hybridization 
Total RNA was isolated from frozen biopsy using a miRNeasy mini kit 

(Qiagen) and quality assessment was conducted using RNA 6000 Nano 

labchip (Bioanalyzer, Agilent) and by a Nanodrop spectrophotometer 

(Thermo). Total RNA RIN values were between 7.7 and 9 (average: 8.65). 

Affymetrix Human Transcriptome Array 2.0 ST arrays were hybridized 

according to Affymetrix recommendations using the Ambion WT protocol (Life 

technologies, France) and Affymetrix labeling and hybridization kits. 100ng of 

total RNA were processed in parallel with an external MAQC A RNA to control 

robustness of data. Labeled DNA mean yield was 7.19 µg (min: 6.27µg; max: 

7.57µg). Affymetrix GeneChip® Human Transcriptome 2.0 ST microarrays 
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(HTA2) were hybridized with 4.7 µg of labeled DNA. Raw data, transcript data 

and exon data were controlled with Expression console (Affymetrix) at the 

Institut Curie microarray core facility. The benefit of this array is to highlight 

spliced RNA isoforms using both exon and exon-exon junction probes that 

can measure excluded or included exons/regions.  

 

Microarray data analysis 
Affymetrix HTA2 dataset analysis was performed by GenoSplice technology 

(www.genosplice.com). Data were normalized using quantile normalization. 

Background corrections were made with antigenomic probes and probes were 

selected according to their %GC, cross-hybridization status and potential 

overlap with repeat regions. Only probes targeting exons and exon-exon 

junctions annotated from FAST DB® transcripts (release fastdb_2012_2) 

were selected (7, 8). Only probes with a DABG P value ≤0.05 in at least half 

of the arrays were considered for statistical analysis. Only genes expressed in 

at least one compared condition were analyzed. To be considered to be 

expressed, the DABG P-value had to be ≤0.05 for at least half of the gene 

probes. We performed an unpaired Student’s t-test to compare gene 

intensities between SF3B1 wild-type and SF3B1 mutated tumors. Genes were 

considered significantly regulated when fold-change was ≥1.5 and P-value 

≤0.05 (unadjusted P-value). Analysis at the splicing level was first performed 

taking into account only exon probes (‘EXON analysis’) in order to potentially 

detect new alternative events that could be differentially regulated (i.e., 

without taking into account exon-exon junction probes). Analysis at the 

splicing level was also performed by taking into account exon-exon junction 

probes (‘SPLICING PATTERN analysis’) using the FAST DB® splicing 

patterns annotation (i.e., for each gene, all possible splicing patterns were 

defined and analyzed. All types of alternative events can be analyzed: 

Alternative first exons, alternative terminal exons, cassette exon, mutually 

exclusive exons, alternative 5’ donor splice site, alternative 3’ acceptor splice 

sites and intron retention). EXON and SPLICING PATTERN analyses were 

performed using unpaired Student's t-test on the splicing-index as previously 

described (9). Results were considered statistically significant for unadjusted 

P-values ≤ 0.05 and fold-changes ≥ 1.5 for SPLICING PATTERN analysis and 
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unadjusted P-values ≤ 0.05 and fold-changes ≥ 2.0 for EXON analysis. After 

bioinformatics analysis of microarray data, a manual inspection using the 

GenoSplice EASANA® interface was conducted to select high-confident 

events. Gene Ontology (GO), KEGG and REACTOME analyses of 

differentially regulated genes were performed using DAVID (10). 

 

RNA-seq analysis 
RNA from the 12 tumor samples was sequenced on Illumina Hiseq2000 

sequencers to produce paired-end reads of either 76bp or 100bp. All reads 

passing Illumina’s quality filter were trimmed to 74bp. Insert size metrics were 

calculated using BWA (11) and Picard (http://picard.sourceforge.net/). Reads 

were aligned using Tophat (12) using the inner mate distance metrics 

calculated in the previous step and the Ensembl version 70 reference gtf was 

used for annotation. Mapped read bamfiles were converted to count data 

using HTSeq (http://www-

huber.embl.de/users/anders/HTSeq/doc/overview.html), which were used as 

input for DEXseq(13). Differential splicing analysis between the mutant (n=3) 

and wild-type SF3B1 (n=9) samples was conducted using DEXseq (13) and 

events with an FDR <0.1 were regarded as significant. Differential splicing 

analysis was also conducted by MATS (14), using the mapped read bamfiles 

as input and events with an FDR <0.1 were regarded as significant. The RNA-

seq data from the Habour et al. study (15) were downloaded from the NCBI 

Sequence Read Archive (http://www.ncbi.nlm.nih.gov/sra?term=SRA062359) 

and analysed using the same methodology with the exception that read 

lengths were trimmed to 99bp. One of the samples described as wild-type 

SF3B1 was predicted to have an SF3B1 R625C mutation (Supplementary 

Figure S7) and was designated SF3B1 mutant for the differential splicing 

analysis. 

 

Splice variant analysis in the validation series 
The validation set was used to measure the predicted splice variant of 8 

genes using specific probes (Supplementary Table 12). 1.3ng of cDNA were 

analyzed in duplicate to quantify spliced and unspliced forms by real time 

PCR. 45 cycles of QPCR were conducted on 384 well plates using QuantiTect 
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SYBR Green reagents (Qiagen, Courtaboeuf, France) onto the ABI 9700HT 

device. To perform the splice variant analysis, 3 steps were achieved per 

gene of interest. First, CT values were averaged per sample, then a ratio of 

spliced form was calculated per sample using the formula:  2-(CT spliced mRNA - CT 

unspliced mRNA). Finally, for each splicing event, a Mann-Whitney U test was 

applied between SF3B1 mutated and wildtype cases. 

 

Comparison of mutation rates  
Figure 1B displays the number of single nucleotide variations in coding 

regions identified from whole genome and exome sequencing studies. 

Information was extracted from publically available data for cutaneous 

melanoma, squamous cell lung cancer, colorectal cancer, head and neck 

squamous cell carcinoma, endometrial cancer, ovarian carcinoma, acral 

melanoma, breast cancer, prostate cancer, neuroblastoma and rhabdoid 

cancer (16-26).  
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