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Massively parallel sequencing approaches are beginning to be used clinically to characterize individual patient tu-
mors and to select therapies based on the identified mutations. A major question in these analyses is the extent to
which these methods identify clinically actionable alterations and whether the examination of the tumor tissue
alone is sufficient or whether matched normal DNA should also be analyzed to accurately identify tumor-specific
(somatic) alterations. To address these issues, we comprehensively evaluated 815 tumor-normal paired samples
from patients of 15 tumor types. We identified genomic alterations using next-generation sequencing of whole
exomes or 111 targeted genes that were validated with sensitivities >95% and >99%, respectively, and specificities
>99.99%. These analyses revealed an average of 140 and 4.3 somatic mutations per exome and targeted analysis,
respectively. More than 75% of cases had somatic alterations in genes associated with known therapies or current
clinical trials. Analyses of matched normal DNA identified germline alterations in cancer-predisposing genes in
3% of patients with apparently sporadic cancers. In contrast, a tumor-only sequencing approach could not
definitively identify germline changes in cancer-predisposing genes and led to additional false-positive find-
ings comprising 31% and 65% of alterations identified in targeted and exome analyses, respectively, including in
potentially actionable genes. These data suggest that matched tumor-normal sequencing analyses are essential for
precise identification and interpretation of somatic and germline alterations and have important implications for
the diagnostic and therapeutic management of cancer patients.

INTRODUCTION

High-complexity genomic analyses are changing the diagnostic land-
scape of oncology (1–7). Therapies targeting specific genetic altera-
tions can be safer and more effective than traditional chemotherapies
when used in an appropriate patient population (8). This has been
successfully demonstrated for a number of therapeutics targeting the
protein products of specific genes that are altered in human cancer, in-
cluding the use of imatinib in chronic myeloid leukemias carrying the
BCR-ABL fusion, trastuzumab in ERBB2 (HER-2/neu) amplified breast
cancer, and vemurafenib in BRAF-mutated melanoma. Molecular al-
terations have also been shown to have a predictive or prognostic effect.
For example, mutations at codons 12 and 13 of KRAS predict a poor
response to anti–EGFR (epidermal growth factor receptor) monoclonal
antibodies such as cetuximab and panitumumab, so the use of these
drugs is contraindicated in colorectal cancer patients with such muta-
tions (9). Glioblastoma patients with IDH1-mutated tumors have an in-
creased overall survival compared to those without such changes (10).
In addition to established therapies, off-label indications and drugs in
clinical trials can be used with knowledge of alterations in specific
genes. Because the mutations driving each tumor are unique, identi-
fying the specific mutations in each patient’s cancer is critical for the
development of a personalized treatment plan that takes advantage of
the growing number of targeted therapies.

Each tumor contains inherited (germline) and tumor-specific (so-
matic) variants. Somatic alterations in oncogenes and tumor suppres-

sors drive the development and growth of the tumor and are typically
the targets of personalized therapies. Sequencing and comparison of
matched normal DNA to tumor DNA from an affected individual
would theoretically allow for accurate identification and subtraction of
germline alterations from somatic changes. However, this method is
not routinely used in cancer diagnostic assays, including next-generation
sequencing approaches, where only tumor DNA is assessed, likely as a
result of logistical difficulties in obtaining a blood or saliva sample,
increased cost, and an underappreciation of the potential value of the
matched normal (2, 11–13). Additionally, a major question in the de-
velopment and progression of human cancer has been the contribution
of germline alterations to cancer predisposition. Although estimates
have been proposed in specific tumor types (14, 15), the comprehen-
sive examination of cancer-predisposing alterations in apparently
sporadic cancer patients has not been investigated.

To evaluate the clinical use of large-scale cancer genome analy-
ses that incorporate these aspects, we performed whole-exome and tar-
geted next-generation sequencing analyses in tumor and normal
samples from cancer patients. We analyzed matched tumor and normal
data together as well as separately for somatic mutation detection,
potential clinical actionability, and identification of predisposing
alterations.

RESULTS

Overview of the approach
To systematically assess somatic alterations in tumor samples, we de-
signed capture probes for the targeted analysis of a set of 111 clinically
relevant genes (table S1) and sequenced these regions or the complete
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set of coding genes (20,766 genes) using next-generation sequencing
approaches (Fig. 1). These data were aligned to the human reference
sequence and annotated using the Consensus Coding DNA Sequences
(CCDS), RefSeq, and Ensembl databases. Tumor and normal data were
compared to identify somatic and germline alterations using the
VariantDx software pipeline, focusing on single-base substitutions as

well as small insertions and deletions. Stringent criteria were used to
ensure sufficient coverage at analyzed bases and to exclude mapping
and sequencing errors (table S2). All candidate somatic alterations
were visually inspected to remove remaining artifactual changes. Anal-
ysis of samples using both whole-exome Sanger and next-generation
sequencing was used to demonstrate that the next-generation sequen-

cing and bioinformatic approaches were
able to detect somatic mutations in frozen
and formalin-fixed paraffin-embedded
(FFPE) tumor tissues with high sensitivity
and specificity and to accurately distinguish
between somatic and germline alterations
(table S3).

Clinical actionability of targeted
and exome analyses
Using the above approach, we analyzed
matched tumor and normal specimens
from 815 patients, with the tumor types
indicated in table S4. A total of 105,672
somatic alterations were identified, with
an average of 4.34 somatic mutations
(range, 0 to 29) in the targeted analyses
and an average of 140 somatic alterations
(range, 1 to 6219) in the exome analyses.
The number of somatic alterations in
various tumor types was largely consist-
ent with previous analyses of cancer exomes
(10, 16–30). To explore whether genetic
alterations may be useful clinically, we in-
vestigated whether mutant genes observed
in individual cases may be clinically ac-
tionable using existing or investigational
therapies. We examined altered genes that
were associated with (i) U.S. Food and Drug
Administration (FDA)–approved therapies
for oncologic indications, (ii) therapies in
published prospective clinical studies, and
(iii) ongoing clinical trials for patients with
tumor types analyzed. Through these analy-
ses, we identified somatic alterations in
genes with potentially actionable conse-
quences in 580 of the 753 patients ana-
lyzed (77%) (Fig. 2 and tables S5 and S6).
Some tumor types, such as colorectal can-
cer andmelanoma, had a much higher frac-
tion of actionable changes than others.
More than 90% of genes with potentially
actionable alterations were mutated in
<5% of cases, suggesting that actionable
changes are predominantly different among
cancer patients (table S5). Although the
fraction of patients who had at least one
actionable alteration was high, most of
the actionable changes were associated
with current clinical trials (67%) rather
than established or investigational ther-
apies (33%).

Fig. 1. Schematic descrip-
tion of whole-exome or
targeted next-generation
sequencing analyses. The
approaches used tumor-
only (blue arrow) ormatched
tumor and normal DNA (red
arrow) to identify sequence
alterations. Bioinformatic
methods to separate germ-
line and somatic changes in-
cluded comparison to dbSNP,
COSMIC, and kinase domain
databases. Identified gene
alterations were compared
to databases of established
and experimental therapies
to identify potential clinical
actionability and predis-
posing alterations.
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Identification of patients with putative germline cancer
predisposition mutations
In addition to the detection of somatic alterations, we assessed wheth-
er our analyses identified cancer-predisposing changes in the genomes
of apparently sporadic cancer patients. To perform this analysis, we
examined a set of 85 genes associated with known cancer predispo-
sition syndromes (table S7) in DNA from blood, saliva, or unaffected
tissue samples from the 815 cancer patients. To conservatively identify
protein-altering changes in these genes, we focused on truncating al-
terations, including insertions or deletions resulting in a frameshift,
splice site changes, and nonsense alterations. Through these analyses,
we identified 27 of the 815 patients (~3%) with truncating alterations
in these genes (table S8). All but one of these cases were not previously
known to have a cancer-predisposing alteration in their germ line. Fif-
teen mutations were predicted to be pathogenic or likely pathogenic
based on previous publications. Examples of germline alterations in-
cluded changes in genes in expected tumor types, such as BRCA1 al-
terations in breast and ovarian cancer patients and a nonsense
mutation (50Q>X) in CDKN2A in a melanoma case. However, less
well-described examples were also detected, including BRCA2 altera-
tions in patients with other solid tumor types such as colorectal cancer
and cholangiocarcinoma, ATM changes in an esophageal cancer case,
FANC alterations in patients with a variety of tumor types, and altera-
tions in the BRIP1 (BRCA1 interacting protein C-terminal helicase 1)
gene in a cholangiocarcinoma (800Y>X) and in an anal cancer case
(624S>X).

Bioinformatic approaches for
distinguishing germline and
somatic mutations
Because many newly developed tests for al-
terations in cancer genes only examine the
tumor tissue (2, 11, 13, 31), we evaluated
how effective bioinformatic approaches
could be in separation of somatic from
germline mutations without the use of a
matched normal (Fig. 1). First, we reana-
lyzed only the tumor data from all 58 tar-
geted cases and 100 whole-exome cases
composed of about half frozen and half
FFPE samples from a representative range
of tumor types. We compared these to an
unmatched normal sample that had been
sequenced using the same methods as for
the matched normal samples. We used these
data to remove common germline var-
iants, as well as sequencing and alignment
errors. All candidate alterations were vi-
sually inspected to remove any remaining
artifacts. An average of 11.53 mutations
(range, 3 to 34) and 1401mutations (range,
919 to 2651) were observed in the targeted
and exome cases, respectively (Fig. 3).

To identify additional germline variants
in the tumors that were not present in the
unmatched normals, we compared the ob-
served tumor alterations to those in single-
nucleotide polymorphism (SNP) databases
(dbSNP, version 38) and filtered variants

identified through the 1000 Genomes Project or other sources (32)
(including 42,886,118 total candidate variants). This approach re-
moved between 0 and 9 alterations (average, 5.25) in the targeted analy-
ses, including all germline alterations in 10 of 58 cases. However, an
average of 1.95 germline variants remained per case through the tumor-
only approach, resulting in a total of 113 remaining germline changes in
the 58 cases analyzed (Fig. 3). A total of 1019 mutations were removed
using dbSNP filters in each of the exome cases (range, 623 to 1911),
but an average of 382 mutations remained per case. A considerable
proportion of the remaining germline variants affecting 48% of pa-
tients analyzed included alterations that could have been classified as
potentially actionable changes (Fig. 3 and table S9). For example, a JAK2
(Janus kinase 2) mutation in the catalytic domain (1021Y>F), multiple
missense alterations in ERBB2, an in-frame deletion (1508PF>P) in
TSC2 (tuberous sclerosis complex 2), and an ALK (anaplastic lympho-
ma kinase) change in the catalytic domain (1200A>V) would have been
incorrectly identified through a tumor-only approach. Approved or in-
vestigational therapies targeting the altered protein products are
available for these genes, including ruxolitinib for JAK2, neratinib
for ERBB2, everolimus for TSC2, and crizotinib for ALK among
others, that could have been inappropriately administered to patients
on the basis of a tumor-only analysis. Overall, most of the cases fil-
tered using germline databases had remaining germline alterations,
with about half in potentially actionable genes.

The filtering of tumor-only data with variants present in germline
databases has the potential to inadvertently remove somatic variants

Fig. 2. Clinically actionable somatic genomic alterations in various tumor types. Each bar represents
the fraction of cases with mutations in clinically actionable genes as determined by the comparison of
alterations to genes that were associated with established FDA-approved therapies (brown), previously
published clinical trials (green), or current clinical trials in the same tumor type (blue). For approved thera-
pies and previously published clinical trials, potential actionability was also considered in tumor types that
were different from those where the clinical use has been described (light brown and light green,
respectively). Some of the colorectal tumors analyzed were from patients with tumors known to be KRAS
wild type, resulting in a lower fraction of cases with actionable changes related to FDA-approved
therapies.
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that may be identical to germ-
line variants. In our targeted
analyses, two somatic mutations
in PDGFRA (478S>P) andATRX
(929Q>E) matched identical mu-
tations at the nucleotide level
in dbSNP and were erroneously
removed by this method. The
analysis of all coding genes re-
vealed 155 somatic mutations
that were removed using this ap-
proach, including the 114R>C
change in the catalytic domain
of the mitogen-activated protein
kinase MAPK4 and 320P>R in
the transcription factor ESX1,
which have been previously re-
ported to be somatically mu-
tated in skin, and thyroid and
liver cancers, respectively.

To further examine detec-
tion of somatic alterations using
a tumor-only approach, we at-
tempted to separate out the
somatic mutations from the
remaining germline alterations
after dbSNP filtering using data
from the COSMIC (Catalogue
of Somatic Mutations in Can-
cer) database (Fig. 4). Mutations
in our data set were considered
more likely to be somatic if tumor-
specific alterations had previ-
ously been reported within the
same codon of the gene. In to-
tal, 108 mutations in 47 of the
cases analyzed for the targeted
set of genes and 1806 mutations
in the exome cases were clas-
sified into this category. This
approach was useful in identi-
fying well-characterized muta-
tions at hotspots in oncogenes
such asKRAS,TP53, and PIK3CA
but did not identify less frequent
nonsynonymous somatic mu-
tations. Nine of the potential
somatic mutations in the tar-
geted genes that overlapped with
COSMIC were present in the
matched normal samples and
were, in fact, germline. In the
exome data, 778 germline mu-
tations occurred at codons in
which somatic mutations had
been previously described. Be-
cause somatic mutations can be
clustered within certain regions

Fig. 3. Detection of tumor-specific and germline alterations using tumor-only and matched tumor and
normal analyses. (A and B) Bar graphs show the number of true somatic alterations (blue) and germline false-positive
changes (red) in each case for tumor-only targeted (A) and exome (B) analyses. The fraction of changes in actionable
genes is indicated for both somatic (dark blue) and germline changes (dark red). For exome analyses, actionable
alterations for somatic and germline changes are also indicated in the inset graph. (C) Summary of overall character-
istics and the number of somatic and germline variants detected for each type of analysis. Total sequence coverage,
the number of samples analyzed, and the number of somatic mutations per tumor in the matched tumor/normal
analyses are included for reference.
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of a gene, we expanded our COSMIC criteria to include any mutations
within five codons of the observed alteration. This increased the num-
ber of potential somatic mutations in the targeted genes by 152 to give
a total of 270 (4.48 per patient) and increased the number by almost
15,000 in the exome cases to give a total of 16,731 (168 per patient).
However, the specificity of the approach was substantially reduced,
with 48 and 8929 of these mutations actually occurring in the matched
normal in the targeted and exome genes, respectively. To determine
the overall number of identical changes in the genome that had been
reported as both germline variants and somatic changes through other
studies, we examined the overall overlap between common dbSNP var-
iants and the COSMIC databases. After excluding variants of known
medical impact or annotated as somatic in dbSNP, we found 8606
nonsynonymous mutations that were present in both databases, of
which 63 mutations were observed more than five times in COSMIC.
These analyses suggest that a considerable number of variants in the
germ line may be identical to those in somatic disease such as cancer,
and the number of identical variants will increase as additional somatic
and germline genomes are analyzed.

Because somatic mutations in tumor suppressor genes are often trun-
cating, we also examined this mutation type as a means to positively

select for alterations in the tumor-only data after filtering of common
germline variants (fig. S1). Seventy-five mutations affecting genes such
as CDH1 (splice site), PIK3R1 (frameshift), and ARID1B (nonsense) in
43 cases of the targeted analyses fell into this category. However, simi-
lar to the COSMIC approach, 13 of the alterations identified as can-
didate somatic changes using this method were germline. In the exome
cases, there were 7424 truncating mutations, but 5108 of these were
germline, not somatic. Finally, we looked to see whether any of the
mutations were present in the kinase domains of the proteins, because
activating somatic mutations often occur in these regions. Forty-two
mutations, including the EGFR exon 19 deletion 745KELREA>T,
542E>K in PIK3CA, 1021Y>F in JAK2, and 867E>K in RET, were
identified in the targeted analyses, and 786 mutations, including
309P>L inMAPK12 and 201P>S in CDK10, were present in the exome
cases. However, four mutations in the targeted set (including the al-
teration in JAK2) and 295 alterations in the exome set were, in fact,
germline (fig. S2).

Using a combination of the COSMIC, truncating alteration, and
kinase domain approaches, we correctly identified 216 of 252 somatic
mutations in the targeted analyses. Of the 36 somatic mutations that
were missed, several occurred in genes such as ERBB2, ERBB3, and

Fig. 4. Bioinformatic filtering approaches for detection of somatic
and germline changes. (A and B) Somatic candidate mutations identi-
fied through targeted (A) and whole-exome (B) analyses. A total of 669
and 140,107 candidate mutations were found before any filtering in tar-
geted and exome analyses, respectively. After filtering using dbSNP, 304
germline variants could be distinguished from 365 candidate somatic
mutations in the targeted analyses; 101,924 germline changes were simi-
larly filtered from 38,183 candidate somatic mutations in the exome analy-
ses. Comparison to matched normal samples in each case allowed for

distinction between true somatic mutations and germline variants. Fil-
tered variants were compared to COSMIC data to determine the number
of somatic mutations that could be distinguished from germline changes
using this approach. In parallel, candidate somatic mutations were com-
pared to genes described in FDA approval trials, published clinical trials,
and active clinical trials to identify alterations present in clinically action-
able genes. The overlaps between the COSMIC data and the categories
indicated above are indicated with the designated areas in both targeted
and exome analyses.
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TSC2 that are under active clinical investigation and may have been
clinically actionable. These approaches also identified 71 mutations
(1.22 per case) that were germline from the analyses of the matched
normal samples. These included changes in actionable genes such as
ERBB2 (1128V>I),MSH6 (726F>L), and RET (977S>R). Furthermore,
there were 78 mutations that were not removed by the SNP filters or
positively selected by the additional criteria and could not be classified
by these methods. When the entire coding region was analyzed, only
8941 of the 13,314 true somatic mutations were identified, 14,734
germline variants were incorrectly categorized as likely to be tumor-
specific, and the remaining 14,508 mutations including 10,135 germline
alterations could not be classified.

Use of tumor cellularity in distinguishing germline from
somatic mutations
As an independent measure of the somatic or germline status of a
variant, we examined the fraction of mutant alleles in an analyzed tu-
mor sample. Germline mutations would be expected to have variant
allele frequency close to 50% for heterozygous and 100% for homozy-
gous changes, whereas the proportion of variant tags for somatic mu-
tations would depend on the extent of normal tissue contamination in
the tumor sample and would presumably be lower. Of the 43 targeted
cases where tumor cellularity was available, only 5 had a pathological
purity of less than 50%. In these cases, all of the alterations were cor-
rectly called as somatic or germline using this method. However, in
most cases, the tumor cellularity exceeded 50%. In these cases, this ap-
proach could not reliably distinguish between somatic and germline
alterations, correctly identifying on average only 48% of somatic mu-
tations. Likewise, of the assessable 16 cancer-predisposing germline
variants in these cases, only 2 could be distinguished from somatic
alterations through an analysis of allele fractions.

DISCUSSION

Overall, these data provide a comprehensive analysis of the detection
and interpretation of somatic and germline alterations in human
cancer. These observations suggest that a high fraction of human tumors
have alterations that may be clinically actionable and that a small but
notable fraction of apparently sporadic cancer patients have pathogen-
ic germline changes in cancer-predisposing genes. Additionally, these
data support the notion that accurate identification and clinical inter-
pretation of alterations benefit from analysis of both tumor and nor-
mal DNA from cancer patients.

As with all large-scale studies, our analyses have limitations. Al-
though a variety of bioinformatic approaches were used in our analyses,
additional computational methods could improve tumor-only analyses
in the future. These include the use of additional germline databases,
including the Exome Sequencing Project as well as other ongoing large-
scale germline analyses such as the Genomics England 100,000 Genomes
Project (33) and the Human Longevity sequencing initiative (34), that
may not be well represented in the current dbSNP or the 1000 Ge-
nomes data sets. However, even if such approaches improve the filtering
of germline changes, they are likely to increase the fraction of so-
matic variants that are inadvertently removed. Tools such as CHASM
(cancer-specific high-throughput annotation of somatic mutations)
(35), SIFT (36), PolyPhen (37), and others could potentially be used
to predict whether a somatic mutation is likely a driver or passenger even

in the absence of normal DNA. However, using CHASM as a final
filter in our tumor-only data set approach did not identify any addi-
tional somatic mutations. Increasing the number of protein domains
examined may also be helpful, although the mutations identified using
this approach may be expected to be identified by the COSMIC
clustering filter. Additionally, it is conceivable that some of the somatic
changes identified represent genetic mosaicism affecting precursor
cells from which the tumor originated. Although such changes would
likely not affect actionable genes, careful genomic analyses of normal
cells adjacent to neoplastic cells could be performed to resolve this issue.

From a clinical perspective, the use of matched tumor and normal
DNA for genomic analyses as we have described is the most direct ap-
proach for accurate identification of actionable somatic and germline
changes in cancer specimens. Although hotspot mutations in a few
oncogenes can be readily detected with high sensitivity and specificity
by analyses of tumor tissue alone, we expect that as many as a third of
actionable changes in tumor-only analyses may be incorrectly clas-
sified as somatic changes when these actually represent constitutional
alterations. Use of additional bioinformatic filtering approaches can
improve the specificity but will miss a sizable fraction of somatic
changes in actionable genes. Additionally, as we have shown, without
analysis of germline DNA, cancer patients cannot be accurately screened
for hereditary mutations in cancer predisposition genes that could in-
form the clinical management of the patient and indicate additional
family members that could benefit from regular cancer screening. Larger-
scale studies in patients with a family history of the tumor types iden-
tified in this study could be used to determine the contribution of
mutations such as those indicated in table S8 to different cancers.
Conversely, the identification of alterations in cancer-predisposing
genes such as BRCA1 and BRCA2 in tumor-only analyses may lead
to unnecessary referrals for genetic counseling and additional germline-
specific testing in cases where these alterations are truly somatic. For
example, we identified somatic alterations in BRCA1 or BRCA2 in
53 patients without any evidence of additional germline changes in
these genes that may have led to unnecessary additional clinical follow-up
had these been identified through a tumor-only analysis.

The current use of tumor-only sequencing analyses in many diag-
nostic laboratories may be a result of previous implementation of mu-
tation hotspot assays but also reflects practical challenges in performing
matched tumor and normal analyses, including obtaining normal DNA
and the potential need to consent patients for such studies. However,
germline DNA can now be routinely obtained from saliva samples and
unaffected resected tissue in addition to blood, potentially simplifying
logistical challenges. Additionally, patient consents may not be needed
when constitutional changes are analyzed only for the purposes of
filtering somatic alterations and germline changes are not directly re-
ported. Some institutions are moving to blanket consents that permit
comprehensive genomic analyses, including those identifying somatic
as well as predisposing alterations in cancer and other diseases.

Given the anticipated widespread adoption of genomic analyses for
cancer patients, these studies suggest that such genetic tests need to be
carefully designed and implemented in the clinical setting. These re-
sults highlight that the sensitivity and specificity of clinical genetic tests
can be compromised when analytical methods are used in an attempt
to identify somatic mutations in the place of sequencing a matched
normal sample. Our studies suggest that the use of tumor-only analyses
may lead to inappropriate administration of cancer therapies with substan-
tial effects on patient safety and health care costs. The consequences of
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such analyses will become even more important through discovery of
additional actionable genes and as new targeted therapies continue
to be developed. The design of diagnostic assays must be carefully
considered to ensure that patients receive the full benefit of these
advances.

MATERIALS AND METHODS

Study design
The study was a retrospective analysis of targeted and whole-exome
sequencing data from cancer patients with a range of different tumor
types. We evaluated the clinical actionability of the mutations identi-
fied, determined the fraction of cases with a hereditary mutation in a
known cancer predisposition gene and the effectiveness of different
bioinformatic approaches in distinguishing between germline and so-
matic variants in the absence of matched normal samples.

Samples
Eight hundred fifteen tumor samples and matched normal tissues
were obtained and analyzed with Western Institutional Review Board
approval. A large range of cancer types including brain, breast, colorectal,
cholangiocarcinoma, head and neck, neuroendocrine, renal, gastric,
gynecological, esophageal, lung, melanoma, and pancreatic cancers,
hematopoietic malignancies, and sarcomas were studied. Sample types
included FFPE and frozen tissue, cell lines, DNA, and early-passage
patient-derived xenografts. Patient-derived xenografts were included
because we have previously shown a high concordance between such
samples and matching primary tumors (38). Samples provided as
FFPE blocks or frozen tissue underwent pathological review to deter-
mine tumor cellularity. Tumors were macrodissected to remove con-
taminating normal tissue. Matched normal samples were provided as
blood, saliva, unaffected tissue, or normal cell lines (table S4).

Sample preparation and next-generation sequencing
Sample preparation, library construction, exome and targeted capture,
next-generation sequencing, and bioinformatic analyses of tumor and
normal samples were performed as previously described (19). In brief,
DNA was extracted from frozen or FFPE tissue, along with matched
blood or saliva samples using the Qiagen DNA FFPE Tissue Kit or
Qiagen DNA Blood Mini Kit (Qiagen). Genomic DNA from tumor
and normal samples was fragmented and used for Illumina TruSeq
library construction (Illumina) according to the manufacturer’s in-
structions or as previously described (19). Briefly, 50 ng to 3 mg of
genomic DNA in 100 ml of TE (tris-EDTA) was fragmented in a Covaris
sonicator to a size of 150 to 450 base pairs(bp). To remove frag-
ments smaller than 150 bp, DNA was purified using Agencourt
AMPure XP beads (Beckman Coulter) in a ratio of 1.0:0.9 of polymer-
ase chain reaction (PCR) product to beads twice and washed using 70%
ethanol per the manufacturer’s instructions. Purified, fragmented DNA
was mixed with 36 ml of H2O, 10 ml of End Repair Reaction Buffer, 5 ml
of End Repair Enzyme Mix [cat# E6050, New England BioLabs (NEB)].
The 100-ml end-repair mixture was incubated at 20°C for 30 min and
purified using Agencourt AMPure XP beads (Beckman Coulter) in a
ratio of 1.0:1.25 of PCR product to beads and washed using 70% ethanol
per the manufacturer’s instructions. To A-tail, 42 ml of end-repaired
DNA was mixed with 5 ml of 10× dA-Tailing Reaction Buffer and
3 ml of Klenow (exo-) (cat# E6053, NEB). The 50-ml mixture was in-

cubated at 37°C for 30 min and purified using Agencourt AMPure XP
beads (Beckman Coulter) in a ratio of 1.0:1.0 of PCR product to beads
and washed using 70% ethanol per the manufacturer’s instructions.
For adapter ligation, 25 ml of A-tailed DNA was mixed with 6.7 ml
of H2O, 3.3 ml of paired-end (PE) adapter (Illumina), 10 ml of 5× ligation
buffer and 5 ml of Quick T4 DNA ligase (cat# E6056, NEB). The liga-
tion mixture was incubated at 20°C for 15 min and purified using
Agencourt AMPure XP beads (Beckman Coulter) in a ratio of
1.0:0.95 and 1.0 of PCR product to beads twice and washed using
70% ethanol per the manufacturer’s instructions. To obtain an ampli-
fied library, 12 PCRs of 25 ml each were set up, each including 15.5 ml
of H2O, 5 ml of 5× Phusion HF buffer, 0.5 ml of a deoxynucleotide
triphosphate (dNTP) mix containing 10 mM of each dNTP, 1.25 ml
of dimethyl sulfoxide (DMSO), 0.25 ml of Illumina PE primer #1,
0.25 ml of Illumina PE primer #2, 0.25 ml of Hot Start Phusion poly-
merase, and 2 ml of the DNA. The PCR program used was 98°C for
2 min; 12 cycles of 98°C for 15 s, 65°C for 30 s, and 72°C for 30 s;
and 72°C for 5 min. DNA was purified using Agencourt AMPure XP
beads (Beckman Coulter) in a ratio of 1.0:1.0 of PCR product to beads
and washed using 70% ethanol per the manufacturer’s instructions.
Exonic or targeted regions were captured in solution using the Agilent
SureSelect version 4 kit or a custom-targeted panel for the 111 genes of
interest according to the manufacturer’s instructions (Agilent). The
captured library was then purified with a Qiagen MinElute column
purification kit and eluted in 17 ml of 70°C elution buffer to obtain
15 ml of captured DNA library. The captured DNA library was ampli-
fied in the following way: eight 30-ml PCR reactions each containing
19 ml of H2O, 6 ml of 5× Phusion HF buffer, 0.6 ml of 10 mM dNTP,
1.5 ml of DMSO, 0.30 ml of Illumina PE primer #1, 0.30 ml of Illumina
PE primer #2, 0.30 ml of Hot Start Phusion polymerase, and 2 ml of
captured exome library were set up. The PCR program used was
98°C for 30 s; 14 cycles (exome) or 16 cycles (targeted) of 98°C for
10 s, 65°C for 30 s, and 72°C for 30 s; and 72°C for 5 min. To purify
PCR products, a NucleoSpin Extract II purification kit (Macherey-
Nagel) was used following the manufacturer’s instructions. PE sequencing,
resulting in 100 bases from each end of the fragments for exome li-
braries and 150 bases from each end of the fragment for targeted li-
braries, was performed using Illumina HiSeq 2000/2500 and Illumina
MiSeq instrumentation (Illumina).

Primary processing of next-generation sequencing data and
identification of putative somatic mutations
Somatic mutations were identified using VariantDx custom software
for identifying mutations in matched tumor and normal samples. Be-
fore mutation calling, primary processing of sequence data for both
tumor and normal samples was performed using Illumina CASAVA
(Consensus Assessment of Sequence and Variation) software (version
1.8), including masking of adapter sequences. Sequence reads were aligned
against the human reference genome (version hg18) using ELAND
(Efficient Large-Scale Alignment of Nucleotide Databases) with addi-
tional realignment of select regions using the Needleman-Wunsch
method (39). Candidate somatic mutations, consisting of point muta-
tions, insertions, and deletions, were then identified using VariantDx
across either the whole exome or regions of interest. VariantDx ex-
amines sequence alignments of tumor samples against a matched nor-
mal while applying filters to exclude alignment and sequencing artifacts.
In brief, an alignment filter was applied to exclude quality-failed reads,
unpaired reads, and poorly mapped reads in the tumor. A base quality
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filter was applied to limit inclusion of bases with reported Phred qual-
ity scores >30 for the tumor and >20 for the normal (www.phrap.com/
phred/). A mutation in the tumor was identified as a candidate somatic
mutation only when (i) distinct paired reads contained the mutation
in the tumor; (ii) the number of distinct paired reads containing a
particular mutation in the tumor was at least 2% of the total distinct
read pairs for targeted analyses and 10% of read pairs for exome; (iii)
the mismatched base was not present in >1% of the reads in the matched
normal sample as well as not present in a custom database of common
germline variants derived from dbSNP; and (iv) the position was cov-
ered in both the tumor and normal. Mutations arising from misplaced
genome alignments, including paralogous sequences, were identified
and excluded by searching the reference genome.

Candidate somatic mutations were further filtered on the basis of
gene annotation to identify those occurring in protein-coding regions.
Functional consequences were predicted using snpEff and a custom
database of CCDS, RefSeq, and Ensembl annotations using the latest
transcript versions available on hg18 from University of California, Santa
Cruz (https://genome.ucsc.edu/). Predictions were ordered to prefer
transcripts with canonical start and stop codons and CCDS or RefSeq
transcripts over Ensembl when available. Finally, mutations were fil-
tered to exclude intronic and silent changes and retain mutations result-
ing in missense mutations, nonsense mutations, frameshifts, or splice
site alterations. A manual visual inspection step was used to further
remove artifactual changes.

Identification of putative somatic mutations without
matched normal sample
One hundred cases with exome sequencing data and 58 targeted cases
were selected for analyses both with and without their matched nor-
mal sample. For the identification of putative somatic mutations with-
out a matched normal, additional filters were applied. First, mutations
present in an unmatched normal sample, sequenced to a similar cov-
erage and on the same platform as the matched normal, were removed.
Second, alterations reported in the 1000 Genomes Project, present in
>1% of the population, or listed as Common in dbSNP138 were fil-
tered. In an attempt to positively select for somatic changes in the re-
sulting data set, mutations occurring within the same amino acid or
within five codons of previously reported somatic alterations were iden-
tified by comparison to the COSMIC database (version 68, http://cancer.
sanger.ac.uk/cancergenome/projects/cosmic/). In addition, frameshift,
nonsense, and splice site changes predicted to truncate the protein
as well as nonsynonymous mutations within the catalytic domain of
protein kinases (40) were selected.

Comparison between dbSNP and COSMIC
Common germline mutations were obtained from the dbSNP human
variation sets in VCF (variant call format) version 138 labeled “com-
mon” with a germline minor allele frequency of ≥0.01 and indicated
with “no known medical impact.” Mutations were filtered on dbSNP
fields to exclude synonymous changes and those annotated with so-
matic origin. Mutations were compared to COSMIC version 68 to
identify mutations that matched dbSNP both on genomic position
and genomic change.

Clinical actionability analyses
We identified 196 well-characterized genes with potential clinical rel-
evance and assessed the level of evidence for clinical actionability in

three ways. First, we determined which of the genes were associated
with FDA-approved therapies (www.fda.gov/Drugs/). Second, we car-
ried out a literature search to identify published prospective clinical
studies pertaining to genomic alterations of each gene and their asso-
ciation with outcome for cancer patients. Genes that served as targets
for specific agents or were predictors of response or resistance to can-
cer therapies when mutated were considered actionable. Third, we
identified clinical trials (http://clinicaltrials.gov/) that specified altered
genes within the inclusion criteria and were actively recruiting patients
in August 2014. In all cases, the tumor type relevant to the FDA ap-
proval or studied in the clinical trials was determined to allow the clin-
ical information to be matched to the mutational data by both gene
and cancer type.

Identification of germline mutations in cancer
predisposition genes
We evaluated the coding regions of 85 previously well-characterized
cancer predisposition genes for alterations in normal DNA from blood,
saliva, or normal tissue of 815 cases using the VariantDx pipeline adapted
to run on germline samples. Mutations resulting in frameshifts, non-
sense, or splice site alterations were considered most likely to be caus-
ative and selected for further analysis. Each mutation was compared to
published alterations using the ClinVar database (41) and locus-specific
databases including the Breast Cancer Information Core (BIC) database
for BRCA1 and BRCA2 (42), the Leiden Open Variation Databases
(LOVD) for ATM, BRIP1, FA genes, and PALB2 (43), the Internation-
al Agency for Research on Cancer (IARC) TP53 database (44), and the
International Society for Gastrointestinal Hereditary Tumours Incor-
porated (InSiGHT) database for the mismatch repair genes MLH1,
MSH2, MSH6, and PMS2 (45). Any alteration designated in these
databases as benign or likely benign was excluded.

SUPPLEMENTARY MATERIALS
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Fig. S1. Bioinformatic approach to classify somatic and germline mutations on the basis of the
consequence of the alteration.
Fig. S2. Bioinformatic approach to classify somatic and germline mutations based on the
affected protein domain.
Table S1. Genes analyzed in the targeted approach (provided in a separate Excel file).
Table S2. Summary of sequencing statistics (provided in a separate Excel file).
Table S3. Summary of performance characteristics of whole-exome and targeted analyses
(provided in a separate Excel file).
Table S4. Characteristics of the tumor and normal samples (provided in a separate Excel file).
Table S5. Fraction of cases with somatic mutations in actionable genes (provided in a separate
Excel file).
Table S6. Fraction of cases with evidence for clinical actionability in different tumor types
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Table S7. Hereditary cancer predisposition genes (provided in a separate Excel file).
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Personalized genomic analyses for cancer mutation discovery and interpretation
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Will the real mutation please stand up?
When a patient is diagnosed with cancer, a sample of the tumor is often analyzed to look for mutations that might
guide the approach to targeted treatment of the disease. Jones et al. analyzed samples from more than 800 patients
with 15 different cancer types and showed that this standard approach is not necessarily accurate without also
analyzing a matched sample of normal DNA from the same patient. The authors found that, compared to analysis of
paired samples, the standard tumor-only sequencing approach frequently identified mutations that were present in
the patient’s normal tissues and were therefore not suitable for targeted therapy or, conversely, missed useful new
mutations in the tumor.
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