
Supplementary method 

1. Mutation calling and filtering 

Single nucleotide variants (SNVs) were called by MuTect v1.1.7 (1). To exclude SNVs due 

to 8-oxoG artifact, OxoG filter (2) was implemented in house. Briefly, we calculated ‘FoxoG’ 

(the alternate reads fraction in OxoG configuration) using mutation data, which were detected 

independently in read 1 and read 2 by SAMtools mpileup. ‘Tumor_lod’ of OxoG filter were 

obtained from ‘tumor_rod’ score of MuTect, log odds that mutation arises from reference 

alleles. We selected only SNVs satisfying the following criteria. 

(1) total depth ≥ 50 (if hotspot, 10), allele depth ≥ 3, allele frequency ≥ 5% (if hotspot, ≥ 1%) 

(2) OxoG filter: Tumor_lod > -10+(100/3)*FoxoG  

(3) strand bias test: Fisher’s test p-value > 10-6 or allele depth ≥ 10 observed in both strands 

(4) if variants were in non-hotspot regions, the minimum allele depth > 1 was observed in 

both strands. 

Small insertions and deletions (INDELs) were called by IndelGenotyper v36.3336. INDELs 

were selected with the criteria as described above for SNV except OxoG filter, Fisher’s test p-

value ≥ 1.0E-20, and allele frequency ≥ 10% (if hotspot, ≥ 5%). The hotspot used for selection 

of SNVs and INDELs above includes: (1) variants observed more than 100 times in COSMIC 

database (3); (2) variants observed frequency> 20% in mutation data of TCGA cohort including 

breast, colon, gastric, liver and lung cancer); and (3) selected regions of EGFR (exon19, exon20) 

and MET (exon13, intron13, exon14, exon15, splicing sites). 

The remaining variants were annotated by ANNOVAR (4)and further filtered out if: (1) not 

located within exonic or splicing regions; (2) annotated as synonymous SNV; (3) present with 

a minor allele frequency >1% in 1000 Genomes Project Database (5), Exome Aggregation 

Consortium Database (6), NHLBI ESP6500 (7), and Korea Exome Information Database (8); 

(4) located within segmental duplication regions and not observed in TCGA mutation data and 



COSMIC database (3); and (5) frequently detected unknown variants with low allele 

frequencies. 

2. Discovery of copy number variants (CNVs) and structural variants (SVs)  

For sensitive detection of CNVs, we used two read-depth based algorithms. One method takes 

an approach of comparison within a sample, applying Z-transformation to RPKM (Read Per 

Kilobase per Million mapped reads) values calculated by Conifer (9) for overall targeted 

regions. Change of copy number at each gene was estimated by averaging Z-scores of targeted 

regions to cover each gene. Amplifications were called at genes with Z-score ≥30 and gains at 

genes with range of 20≤ Z-score <30 (or 10≤ Z-score <30 for hotspot genes: ERBB2, MET). 

To reduce false positives, deep deletions were identified at only hotspot genes (CDKN2A/B, 

PTEN, RB1, TP53) with Z-score <-5.5. 

The other method, CNVkit software identifies segments of copy number ratios from on- and 

off-target reads of tumor versus pooled normal (comprising several normal samples for each 

version of panel as described in the following section) (10). Amplifications were called at 

segments with ≥ 6 copies and homozygous deletions at 0 copies. 

 SVs were called using DELLY (11), and subsequently filtered if they did not have three or 

more paired end reads with average mapping quality over 45. To discover confident SVs, all 

candidates were not only annotated and filtered using the in-house method but also manually 

reviewed using the Integrative Genomic Viewer [(12,13)].  

3. Estimation of tumor mutation burden (TMB) 

A modified method of assessing TMB was implemented based on an earlier described 

method (14). It was defined as the number of somatic, coding, and base substitution mutations 

per Mb of genome examined. Without matched normal samples, we used predicted somatic 

mutations for calculating TMB.  



Specifically, single nucleotide variants (SNVs) were detected using the program MuTect 

v.1.1.7 (1) at first. Then somatic status of SNVs were predicted by using the program PureCN 

v.3.1 (15), which estimates tumor purity, copy number, and loss of heterozygosity (LOH), and 

classifies SNVs by somatic status and clonality. PureCN takes GC bias and assay-specific bias 

into account, which requires process-matched normal samples for bias correction. Thus, we 

used several normal samples as follows: 1 HapMap sample and 2 mixed HapMap samples for 

panel v2, and 5 blood samples for panel v3.1. For panel v3, because the targeted sequencing 

kit was not available, we excluded sequencing reads of two genes (BARD1, BRIP1) that were 

added in panel v3.1, and used those data as normal samples. By using tumor and pool of 

normal samples, PureCN makes coverage profiles and estimates purity and ploidy of a tumor 

sample. At the same time, quality control for SNVs are performed, which includes removal 

of variants with low allele frequency and variants which occur recurrently in normal samples. 

Then PureCN estimates somatic status of SNVs based on SNV likelihood model, which uses 

prior knowledge (SNVs in dbSNP database (16) are likely germline and SNVs in COSMIC 

database (3) are likely somatic), previously estimated purity and ploidy, and allele frequency.  

Then these predicted somatic mutations were additionally filtered by using SNP databases 

as follows: NCBI dbSNP Database (16) (build150), 1000 Genomes Project Database (5) 

(1000G_201508), NHLBI ESP6500 (7), the Exome Aggregation Consortium Database 

(ExAC_0.3) (6), Kaviar Genomic Variant Database (17) (Kaviar_20150923), Korea Exome 

Information Database (8) and our internal database (PDX). We excluded germline-tagged 

variants in dbSNP and variants with a minor allele frequency of 1% or greater in other 

databases. 

Because our targeted genes were biased toward genes with functional mutations in cancer, we 

excluded known cancer-associated mutations which are known somatic or truncation mutations 



of ‘COSMIC_Census’ tumor suppressor genes in COSMIC database (3) (release 84). Then we 

calculated the TMB value which was the number of mutations divided by the megabase size of 

targeted coding region (0.5, 0.6 and 0.61 for panel v2, v3, and v3.1 respectively).  
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