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abstract

PURPOSE Pathogenic germline variants (PGVs) in cancer susceptibility genes are usually identified through
germline testing of DNA from blood or saliva: their detection can affect treatment options and potential risk-
reduction strategies for patient relatives. PGV can also be identified in tumor sequencing assays, which, when
performed without patient-matched normal specimens, render determination of variants' germline or somatic
origin critical.

METHODS Tumor-only sequencing data from 1,608 patients were retrospectively analyzed to infer germline
versus somatic status of variants using an information-theoretic, gene-independent approach. Loss of het-
erozygosity was also determined. Predicted mutational models were compared with clinical germline testing
results. Statistical measures were computed to evaluate performance.

RESULTS Tumor-only sequencing detected 3,988 variants across 70 cancer susceptibility genes for which
germline testing data were available. We imputed germline versus somatic status for . 75% of all detected
variants, with a sensitivity of 65%, specificity of 88%, and overall accuracy of 86% for pathogenic variants. False
omission rate was 3%, signifying minimal error in misclassifying true PGV. A higher portion of PGV in known
hereditary tumor suppressors were found to be retained with loss of heterozygosity in the tumor specimens
(72%) compared with variants of uncertain significance (58%).

CONCLUSION Analyzing tumor-only data in the context of specimens’ tumor cell content allows precise, sys-
tematic exclusion of somatic variants and suggests a balance between type 1 and 2 errors for identification of
patients with candidate PGV for standard germline testing. Although technical or systematic errors in measuring
variant allele frequency could result in incorrect inference, misestimation of specimen purity could result in
inferring somatic variants as germline in somatically mutated tumor suppressor genes. A user-friendly bio-
informatics application facilitates objective analysis of tumor-only data in clinical settings.
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INTRODUCTION

Precision oncology relies on robust molecular analyses
of patient samples and accurate interpretation of ge-
nomic sequencing and biomarker data.1 Advances in
genomic sequencing have made tumor genomic pro-
filing a routine process in the clinical evaluation and
treatment planning of patients with cancer.2 The main
objective is to provide a detailed characterization of a
patient’s neoplasm, improve predictions on clinical
outcome, and identify and potentially target oncogenic
drivers to enable the development of an individualized
treatment plan.3

A small but important set of cancers arise in patients
with pathogenic germline variants (PGVs) that can both
inform personal and familial cancer risks and guide

treatment approaches.4 Clinical germline testing has
typically been limited to patients with personal and/or
family history of tumors highly suggestive of specific
predisposition syndromes. However, germline testing is
now expanding to a larger group of patients beyond
those with a compelling family history.5 In addition, for a
patient to be referred for clinical germline testing,
certain features are often required by health insurance
companies, which can restrict uptake. Because of
complexities in determining the need for clinical
germline testing, eligible patients are frequently over-
looked and not tested.6 A recent study showed that one
in eight adult patients with cancer who underwent
universal germline testing, regardless of the extent to
which they met established criteria, had a PGV in a
susceptibility gene.7 Almost half of these PGVs would
not have been identified if testing criteria had been
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followed. Furthermore, approximately one third of the PGV
carriers had their therapies changed as a result.

Tumor sequencing for identification of somatic alterations is
becoming more widely carried out in patients with different
cancers.8,9 Many commercial and academic tumor se-
quencing assays include a large set of cancer-related genes
(. 50) that can be mutated somatically and also confer
cancer risk when mutated in the germline. To definitively
identify somatic variants and potential germline variants in
cancer cells, some laboratories analyzematched tumor and
nontumor specimens (eg, blood, buccal mucosa, and
adjacent tissue).8 Multiple studies have shown that inte-
gration of tumor sequencing and matched normal genomic
profiling can identify PGV in cancer predisposition genes in
15%-18% of patients with cancer, including those without
high-risk family history or otherwise meeting clinical criteria
for standard germline testing.10,11 These data suggest that
current germline testing strategies may miss a significant
number of mutation carriers in the population that are not
identified by the patients’ and/or family history.

Although concomitant tumor and germline sequencing
analyses for all patients with cancer may eventually become
the standard of care in the future, an objective and reliable
means of identifying patients for clinical germline testing
confirmation is needed in the clinic today.12 Current prac-
tices in interpreting tumor-only data for this purpose are
gene-specific and are often on the basis of variant allele
frequency (VAF) criteria that may need to be adjusted for
different settings and tumor types.13,14 Although such criteria
could be sensitive for identifying PGV from tumor-only
data,14-16 their application requires extensive expert review
and results in low specificity in exclusion of somatic variants
and a significantly decreased overall accuracy.12,13 To ad-
dress these challenges, we examined the performance of a
gene-independent, information-theoretic pipeline aimed at
accurately categorizing the variants identified by tumor-only

assays as somatic or germline. Using commonly available
sequencing data, we analyzed each variant in the context of
specimen’s proportion of tumor cells and used high-depth
sequencing to predict loss of heterozygosity (LOH) status,
which can potentially inform the functional effect of the
mutation in both germline and somatic variants.

METHODS

The cohort included a total of 1,608 patients with diverse
malignancies who were consented to the PROFILE study17

(institutional review board–approved protocols 11-104 and
17-000) at Dana-Farber Cancer Institute between January
2014 to December 2018 and had undergone somatic se-
quencing. These patients had also received clinical germline
testing, the results of which were collected, queried, and
deidentified (institutional review board–approved protocols
19-354 at Dana-Farber Cancer Institute and 2019002191 at
Rutgers). Nomenclature variations between tumor se-
quencing and germline testing data were curated for 70
overlapping genes between the assays by comparing the
reference transcript number, the position, and the type of the
alteration in the specific genes. Pathogenicity of germline
variants was assessed using curated open-access US Food
and Drug Administration–approved knowledge bases (ClinVar/
ClinGen) and the American College of Medical Genetic
guidelines.18 Pathogenic status and mutational effect of so-
matic variants were assessed using the oncoKB annotator.19

The proportion of tumor cells (purity) and its confidence in-
tervals were computationally estimated for all specimens using
All-FIT20 using VAFs, sequencing depth, and copy number of
all single-nucleotide variants (SNVs) and indels, which are
commonly available in clinical tumor sequencing reports.

Computational and histologic purity estimates were used to
infer germline versus somatic status and evaluate LOH for
SNV and indels using LOHGIC21 taking into account the
uncertainties in estimates of purity and VAF, which depend
on sequencing depth (Data Supplement). Genomics
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Oncology Platform is a python GUI, designed on the basis of
the workflow implemented in this study (Data Supplement),
and is freely available,22 for the extraction of relevant in-
formation and the application of All-FIT and LOHGIC di-
rectly on variant calls.

RESULTS

There were a total of 1,467 eligible patients. They had both
tumor sequencing and independent germline sequencing
results (Table 1, Fig 1), were predominantly female (73%),
were White or Caucasian non-Ashkenazi (84%), and had a
median age of 54 years (range, 1-88 years) at first primary
tumor diagnosis. The most frequent tumor types were breast
(22%), epithelial ovary including fallopian tube and perito-
neum (21%), and colorectal cancers (19%). A total of 725
patients (49%) had reportable germline findings, 285 (29%)
of whom had at least one PGV and 440 (61%) had exclu-
sively one or more variants of uncertain significance (VUS).
Individuals self-identified as Ashkenazi Jewish had a high
rate of PGV (38 of 44; 13% of all PGV) in contrast with
Hispanic individuals who had the lowest rate (0.7%) in our
cohort. The approximate frequency of PGV in genes asso-
ciated with the sequenced tumor were small bowel carci-
noma, 29%; urothelial carcinoma, 25%; renal cell
carcinoma, 24%; colorectal carcinoma, 15%; breast car-
cinoma, 14%; epithelial ovarian carcinoma, 13%; and
pancreatic adenocarcinoma, 13%. No PGVs were detected
in 35 genes analyzed; 1-3 PGV were detected in 22 genes,
and. 3 PGV were detected in 13 genes (Data Supplement).

Tumor-only sequencing using the OncoPanel assay de-
tected 5,426 variants across 70 cancer susceptibility
genes23,24; matched germline testing results of the relevant
gene was available for 3,988 of them. In total, 728 variants
were detected by germline testing among which 231 were
annotated as PGV and 497 as VUS. The remaining 3,260
variants were not reported in germline analysis and
therefore were deemed to be somatic (Fig 2A, Data Sup-
plement); 1,792 of these variants (55%) were predicted to
be likely pathogenic or pathogenic.

We inferred nonambiguous, germline, or somatic mutational
status for 3,028 (75.9%) variants using computational esti-
mates of specimen tumor purity and 3,173 (79.5%) variants
using histologic estimates (Fig 2B, Data Supplement).
Computational estimates were significantly correlated with
specimen histologic assessments of tumor purity (Pearson
r = 0.31; P, .001). As such, inferred mutational status using
either purity estimate were highly concordant (Jaccard
index = 0.8425). The performance results using computational
and histologic purity estimates were also highly concordant
(Fig 3, Data Supplement). For simplicity, the remainder of the
results will only report those from computational estimates,
which are calculated as a part of our pipeline.

We evaluated the accuracy of inference results considering
all germline variants (PGV and VUS) or only the PGV, along
with somatic variants. When only the PGV and pathogenic

somatic variants were considered, sensitivity (true positive
rate) was 65%, signifying the rate at which the PGV were
correctly inferred. Specificity (true negative rate), which
indicates the rate of correctly inferring true somatic vari-
ants, was 88%. The false omission rate, indicating how
often a true PGV was incorrectly inferred as somatic was

TABLE 1. Patient Demographic and Clinical Characteristics
(N = 1,467)
Characteristic No. %

Sex

Female 1,075 73

Male 392 27

Self-reported race or ethnicity

White or Caucasian (non-Ashkenazi) 1,237 84

Ashkenazi Jewish 44 3

Black or African American 40 3

Asian 48 3

Hispanic 28 2

Other or mixed 43 3

Unknown 25 2

Cancer diagnoses

Single primary 1,122 76

Multiple primaries 345 24

Age at first cancer diagnosis, years

0-19 24 2

20-29 66 4

30-39 166 11

40-49 314 21

50-59 429 29

60-69 301 21

70-79 131 9

≥ 80 20 1

Unknown 16 1

Age at germline test, years

0-19 11 1

20-29 43 3

30-39 125 9

40-49 241 16

50-59 400 27

60-69 400 27

70-79 205 14

≥ 80 42 3

No. of genes tested in the germline

Single-site testing (1 or more sites) 14 1

1-5 64 4

6-15 33 2

16-50 1,001 68

≥ 51 355 24

Germline Testing Validates Inference of Variants in Tumor Data
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only 3%. Precision (positive predictive value) and the
F-score were 31% and 42%, respectively, which could be
attributed to the relatively low number of true PGV in the
data set compared with the number of true somatic vari-
ants. The overall accuracy of the analysis was 86%. These
results did not change when pathogenicity of variants was
considered (Data Supplement).

The majority of somatic variants that were incorrectly
inferred as germline (278 of 394, 71%) had VAF . 50%

(Fig 4A), whereas 83% of true PGV (118 of 143) that were
incorrectly inferred to be somatic had VAF, 50% (Fig 4B).
In the latter group, 22% of incorrectly inferred variants
corresponded to indels. There was no significant difference
between the focal copy number or the types of var-
iants—SNV or indel—with correct or incorrect inference.
The percentage of variants with ambiguous inference was
20.5% and 24.1% using computational and histologic
purity estimates, respectively. Variants with ambiguous
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FIG 1. The percentage of tumors per cancer type with PGVs in 35 genes from germline testing. PGV, pathogenic germline variant.
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FIG 2. (A) Matched germline testing results for 3,988 variants detected by tumor-only sequencing in 70 cancer susceptibility genes, including 231 PGV,
497 germline VUS, and 3,260 somatic variants. (B) Inference of mutational status using computational purity estimates compared with germline testing
results. The results using histologic purity estimates are shown in the Data Supplement. PGV, pathogenic germline variant; VUS, variants of uncertain
significance.
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inference had a mean VAF of 52.2% (Fig 4C, Data Sup-
plement). Expected allele frequency for germline hetero-
zygous mutations is 50% and is independent of tumor
purity; however, various somatic models also predict ex-
pected VAF of 50% across a range of purity and copy-
number values (Data Supplement), which could result in
ambiguous inference.

Mean sequencing depth of variants with correct predictions
(mean = 295.5; standard deviation [SD] = 147.1) was not
significantly different from that of variants with incorrect
inferences (mean = 283.7; SD = 149.6). Similarly, purity
estimates were not significantly different in specimen with
variants that were inferred correctly (mean = 48.1;
SD = 21.4) versus incorrectly (mean = 44.8; SD = 23.9).
Although low sequencing depth and inaccurate purity
estimation can contribute to the false inference of variants,
they did not systematically bias the performance.

Somatic mutations in TP53 are the most common alterations
in human cancers, whereas germline TP53 mutations, the
underlying cause of Li-Fraumeni syndrome, are rare. We
correctly inferred mutational status of germline mutations in
five of five Li-Fraumeni syndrome cases. Peripheral blood
sequencing for germline testing was also positive for three
additional cases; however, the VAFs of these variants in blood
and tumor were 6%-18%, suggesting detection of mosaicism
because of clonal hematopoiesis.26 Moreover, 17.6% (150 of
852) of TP53 variants detected by tumor sequencing were
falsely inferred to be germline. These variants were detected
at VAFs significantly higher than their respective specimens’
estimated purity (rank-sum test P, .001, Data Supplement).
Similarly, significant patterns were also observed for incor-
rectly inferred somatic variants in APC (rank-sum test
P = .018) and PTEN (rank-sum test P = .003), implying that

inference of variants with high VAF in tumor suppressor
genes may be affected by inaccuracies in estimating purity
and confounded by unreported focal copy-number changes
from loss of the wild-type allele or copy-neutral LOH.

Before inferring mutational status, the overall proportion of
the PGV to all pathogenic variants detected by tumor-only
sequencing was 11% (1%-100% for individual genes, Data
Supplement). When only the pathogenic variants with
VAF. 30%were considered,14 this ratio increased to 19%,
resulting in a sensitivity of 91% for detection of true
germline variants, a specificity of 50% for detection of
pathogenic somatic variants, and an overall accuracy of
55%. By contrast, our model’s nonambiguous, correct
inference for 71% of pathogenic somatic variants increased
the ratio of PGV to remaining pathogenic variants to 31%,
without imposing any VAF criteria.

Next, we assessed the likelihood for the loss of the wild-type
allele or copy-neutral LOH for all germline and somatic
variants with correctly inferred mutational status. In total, a
significantly larger percentage of PGV (72%) had LOH
compared with 58% of germline VUS (chi-squared P ,
.001) and 39% of pathogenic or likely pathogenic somatic
variants (chi-squared P, .001) (Fig 5A). The prevalence of
PGV with LOH was evident when we focused on the genes
associated with specific cancers, including those with high
and moderate or low penetrance.

The high-penetrance genes associated with hereditary breast
cancer include BRCA1, BRCA2, CDH1, PALB2, PTEN,
STK11, and TP53, whereas ATM and CHEK2 are considered
as moderate or low penetrance.27 In females, LOH was
demonstrated for BRCA1 PGV and BRCA2 PGV in 86% (6 of
7) of breast and 94% (15 of 16) of ovarian tumors, whereas
LOH was demonstrated for only 33% of BRCA1/2 PGV (2 of
6) in other tumor types (Fig 5B). LOH was demonstrated for
all PGV (13 of 13) in PALB2, TP53, ATM, CDH1, and CHEK2
in all tumor types. In males, LOH was demonstrated for
BRCA2 PGV in 83% (5 of 6) of pancreatic and prostate
tumors. These results agree with known prevalence of PGV in
these genes for corresponding cancer types.28-30

The high-penetrance MLH1, MSH2, MSH6, and PMS2
genes are associated with Lynch syndrome.31 LOH was
evident for 78% of PGV (7 of 9) in colorectal cancers of both
sexes. In females, LOH was demonstrated forMSH6 PGV in
ovarian tumors (2 of 2; Fig 5C). Considering both sexes,
79% of PGV in the Lynch syndrome genes were found with
LOH (11 of 14) across all tumor types. The results are again
consistent with the status of pathogenic alterations asso-
ciated with the Lynch syndrome particularly for ovarian
cancer in females and colon cancer in males. By contrast,
somatic variants in the genes associated with the hereditary
breast cancer or Lynch syndrome did not show a significant
correlation between inferred LOH and pathogenicity, al-
though other events resulting in biallelic inactivation could
not be ruled out.
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FIG 4. Allele frequency distribution of variants with incorrect or ambiguous inference per gene: (A) somatic variants with germline inference, (B) germline
variants with somatic inference, and (C) germline and somatic variants without a statistical inference (ambiguous). The results using computational purity
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frequency; VUS, variants of uncertain significance.
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DISCUSSION

Estimates of the prevalence of inherited susceptibility to
cancer are still imprecise in the general population.
Emerging data from clinical sequencing assays indicate
that the incidence of PGV may be as high as 17.5% in
unselected patients with cancer, and even higher for
specific histologic types,32,33 reflecting the dependence on
penetrance and tissue specificity.34

Extracting clinically relevant information from sequencing
data requires accurate annotation of somatic and germline
alterations by comparing a tumor’s molecular profile with
the patient-matched normal samples, which can also help
identify somatic events that affect the genes with a PGV
resulting in biallelic inactivation.35 However, most com-
mercial and academic laboratories lack control germline
DNA analysis and produce reports that may not address
whether or not a variant is actually somatic. Here, we
presented a gene-independent bioinformatics workflow
that using commonly available measurements from tumor
sequencing (ie, total depth, focal ploidy, and VAF) can
select the most likely germline versus somatic mutational
status and assess evidence for LOH (Data Supplement). By
analyzing each variant in the context of specimen purity, we
eliminate the need for ad hoc VAF criteria,14 or complex
analyses of raw sequencing data.36

In a clinical sense, the cost of misclassifying a true somatic
mutation (type 1 error) is equal to the cost of performing
germline testing, which can correct the incorrect inference
results. However, the cost of failing to identify the presence of
a germline mutation (type 2 error) may result in neglecting to
validate the mutational status through germline testing and
possibly leaving the treating physician without critical in-
formation that could alter the treatment strategy and missing
the opportunity for cascade testing of at-risk family mem-
bers. Gene-specific, VAF-based criteria for identifying pa-
tients with PGV from tumor-only data prioritize sensitivity at
the cost of specificity; their application results in a high
number of type 1 errors, and thus, low overall accuracy.12 In
our data, only 11% of all detected pathogenic variants were
PGV. By contrast, accurate inference of status for 71% of
true pathogenic somatic variants led to a three-fold increase
in the proportion of PGV to remaining pathogenic variants
and established a balance between sensitivity and specificity
for distinguishing germline variants from somatic variants.

Following the Knudson two-hit model, tumorigenesis in PGV
carriers is caused by the presence of a heterozygous germline
alteration followed by the somatic loss of the wild-type allele in
the tumor cells, or more rarely epigenetic silencing.37 As not
all cancers that arise in carriersmay be driven by the germline
alteration, it is important to determine whether a germline
variant is accompanied by LOH in a given cancer, both to
understand the pathogenesis and to guide therapy. Our re-
sults showed a significant association between pathogenicity
of germline alterations and LOH, highlighting the importance

of distinguishing biallelic events from monoallelic PGV as a
biomarker for therapeutic response.38 In particular, the high
rates of inferred LOH for pathogenic BRCA1 and BRCA2
variants in breast and ovarian cancers in our data are con-
sistent with similar findings using other sequencing platforms
suggesting existence of selective pressures for biallelic in-
activation in these tumors.30,35

Systematically, the lower the sequencing depths at which a
particular variant is detected, the lower the confidence in
accuracy of measuring its VAF. Clinical tumor-only se-
quencing assays are mandated to have a relatively high
depth of sequencing compared with research-grade whole-
genome and whole-exome platforms; therefore, they are
capable of identifying SNV and indels with high confidence.
Sequencing at depth of coverage . 300× is expected to
provide sufficient power to accurately measure VAF and to
statistically assess potential germline origin and zygosity of
detected variants.20,39 With an average coverage depth of
approximately 290× in our data, we did not observe a
systematic difference in sequencing depth or specimen
purity between the variants with true or false inferences.
Our false omission rate of 3%, the result of lower-than-
expected VAFs of PGV in tumor-only data, suggests either a
problem in variant calling, undetected low-level amplifi-
cation of the wild-type allele, or possibly presence of re-
version mutations,21,40,41 and underscores the dependency
of our approach on accurate VAF measurements. The high
VAF of confirmed somatic variants that were inferred as
germline suggests a misestimation of purity, computa-
tionally and/or histologically. Although VAF for indels may
be confounded by misalignment and variant calling inac-
curacy, they were not associated with inference outcome,
highlighting the utility of our approach for all variants with a
measured VAF.

Independent validation of this information-theoretic
methodology in larger, more diverse cohorts is required
to not only further evaluate its performance, but also assess
its usability and efficacy for medical decision making. Al-
though cyclical hypothesis generation and evidence eval-
uation through germline testing and additional sequencing
in the clinic can continually refine and validate the rigor of
the pipeline, its inference results can be used in multigene
prediction models, which, through the integration with
clinical, familial, and ancestry information, may improve the
probability of PGV identification.

In conclusion, our analysis demonstrates that patients with
potential PGV in cancer predisposition genes can be
identified by analyzing their tumor-only sequencing data;
therefore, when a PGV is detected in a tumor specimen, the
patient should be considered for genetic counseling and
germline testing. Our results also demonstrate the utility of
our approach for personalized clinical practice, even in the
setting of paired tumor-normal sequencing, by evaluating
allelic status and LOH for pathogenic germline and somatic
variants as a critical therapeutic biomarker.
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