Evaluation of nine somatic variant callers for detection of somatic mutations in exome and targeted deep sequencing data
S1 File. Short description of the evaluated somatic variant callers.

Mutect  is a somatic variant caller developed by Broad Institute (1) and is based on the Bayesian approach using a hidden Markov Model. The Mutect algorithm is divided into four steps: Removal of low-quality sequence data, variant detection in the tumor sample using a Bayesian classifier, filtering to remove false positives resulting from correlated sequencing artifacts that are not captured by the error-model and finally designation of the variants as somatic or germline by a second Bayesian classifier (1). 
Somatic Sniper, developed by researchers at The Genome Institute at Washington University, is like Mutect based on a Bayesian posterior possibility (2). Somatic Sniper reports a somatic score (SSC), a Phred-scaled probability between 0 and 255, that the tumor and normal genotypes are different, where 0 means that there is no probability that they are different. We chose a quite strict cut-off value SSC > 40. 
Strelka is a somatic variant caller developed by researchers at Illumina (3).  Strelka produces separate VCF files containing single nucleotide variants (SNVs) and indels. The Strelka algorithm is a novel Bayesian approach wherein the tumor and normal allele frequencies are treated as continuous values (3). The first step in the software workflow is a search for candidate indels. Then reads are realigned and following realignment, the algorithm uses the read alignment information from both normal and tumor samples to produce somatic variant probabilities. Strelka uses allele frequencies rather than diploid genotypes, as it acknowledges that the normal tissue is a mixture of germline variation with noise and the tumor sample is a mixture of cancer cells with somatic mutations and normal tissue. As a final step in the Strelka workflow post-call filters are applied to the raw SNV and indel calls in order to minimize the number of false positives.
Seurat is a somatic variant caller developed by researchers from Phoenix, USA (4). Seurat is also based on a Bayesian algorithm and calculates the joint posterior probability that a variant exists in the tumor sample and not in the normal sample. The resulting VCF file contains both SNVs and indels.
EBCall (Empirical Bayesian mutation Calling) is a somatic variant caller developed by researchers from Tokyo (5). This variant caller is based on Bayesian theory and in addition uses sequencing data from multiple non-paired normal samples as prior knowledge of the distribution of sequencing errors. We utilized 36 exome sequencing BAM-files originating from normal tissue (blood), run under similar conditions as our study samples. In order to reduce the computational burden, only positions covered by more than seven reads from each strand in both normal and tumor sample are included and the variant shall be supported by at least three reads (5).  The allele frequencies from the paired normal-tumor samples are then compared to the inferred sequencing error distribution and the algorithm uses this information to decide whether a somatic variant should be called. The EB Call VCF file contains both SNVs and indels.
[bookmark: _GoBack]Virmid is a somatic variant caller developed by a conjunction of researchers from California, USA and researchers from Korea (6). The first step in the Virmid algorithm is to estimate α, the level of impurity, i.e. the admixture of stromal cells in the cancer sample. A maximum likelihood estimation method is used. Next, the most probable genotype is estimated in the somatic variant caller step, using a Bayesian algorithm. The output VCF file from Virmid contains only SNVs.
VarScan 2 is a somatic variant caller based on both a heuristic and statistical algorithm and is, like Somatic Sniper, developed at The Genome Institute at Washington University (7). Varscan 2 produces separate VCF files containing SNVs and indels. The Varscan 2 algorithm reads BAM files from tumor and normal samples simultaneously and performs heuristic pairwise comparisons of base calls and normalized sequence depths at each position. Variants are classified into germline, somatic, LOH and unknown which in the VCF files is stated as SS, variant status, as in Somatic Sniper. Variants are, by default, called homozygous if supported by 75 % or more of all reads at a position, otherwise they are called heterozygous (7). If the genotypes of the tumor and normal samples do not match at any given position, their read counts are evaluated by one-tailed Fishers exact test. The number of reference-supporting reads (outcome 1) and variant-supporting reads (outcome 2) observed in tumor (category 1) is compared to the same observed in normal (category 2). If the resulting p–value meets a significance threshold (user-defined) the variant is called somatic (if the normal matches the reference) or LOH (if the normal is heterozygous) (7). If the difference does not meet the significance threshold the variant is categorized as germline. The Fisher’s p-value is included in the VCF file as SPV (Somatic P-value for somatic/LOH events) and SSC (phred-scaled somatic score). The Fisher’s exact test is done for each variant and the p-values are not subsequently corrected for multiple testing. We utilized a cut-off value of Fisher’s p-value < 0.05.
Shimmer employs a statistical model quite similar to that of Varscan 2, but in addition to this it performs a correction for multiple testing. The Shimmer algorithm examines the base counts for each possible allele at every genomic position covered by sequence data in both the normal and tumor sample (8). If the total number of reads having a non-reference allele in tumor and normal exceeds a minimum threshold, a Fisher’s exact test is performed to test the null-hypothesis that there is no somatic mutation at this position. If the resulting p-value is below the cut-off the null-hypothesis can be rejected, stating that there is a somatic mutation at this position. As many p-values are created, subsequently, a correction for multiple testing is performed using the Benjamini and Hochberg algorithm (9). Hence, Shimmer VCF files only contain variant calls with a False Discovery Rate below a certain threshold. 
Indelocator is a somatic variant caller tool developed by the Cancer Group at Broad Institute, like Mutect, but this tool is solely for detection of indels in cancer samples (not published).  
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