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ABSTRACT
◥

Purpose: The identification of patients with homologous
recombination deficiency (HRD) beyond BRCA1/2 mutations is
an urgent task, as they may benefit from PARP inhibitors. We
have previously developed a method to detect mutational signa-
ture 3 (Sig3), termed SigMA, associated with HRD from clinical
panel sequencing data, that is able to reliably detect HRD from
the limited sequencing data derived from gene-focused panel
sequencing.

Experimental Design: We apply this method to patients from
two independent datasets: (i) high-grade serous ovarian cancer and
triple-negative breast cancer (TNBC) from a phase Ib trial of the
PARP inhibitor olaparib in combination with the PI3K inhibitor
buparlisib (BKM120; NCT01623349), and (ii) TNBC patients

who received neoadjuvant olaparib in the phase II PETREMAC
trial (NCT02624973).

Results: We find that Sig3 as detected by SigMA is positively
associated with improved progression-free survival and objective
responses. In addition, comparison of Sig3 detection in panel and
exome-sequencing data from the same patient samples demon-
strated highly concordant results and superior performance in
comparison with the genomic instability score.

Conclusions:Our analyses demonstrate thatHRDcanbedetected
reliably from panel-sequencing data that are obtained as part of
routine clinical care, and that this approach can identify patients
beyond those with germline BRCA1/2mut who might benefit from
PARP inhibitors. Prospective clinical utility testing is warranted.

Introduction
Targeting DNA damage repair with PARP inhibitors (PARPi) has

been approved inovarian, breast, pancreatic, andprostate cancer (1–5).
In breast cancer, patients are currently selected on the basis of the
presence of a germline BRCA1/2 pathogenic mutation. However,

candidate lesions for PARPi sensitivity include loss-of-function
mutations in a large number of other genes, which result in homol-
ogous recombination deficiency (HRD), suggesting that testing based
only on germline BRCA1/2mut may not identify the full set of patients
who could benefit from PARPi. In addition, as loss-of-function
mutations in these tumor suppressor genes frequently do not occur
in hot spots, testing PARPi sensitivity based on the presence of
individual mutations in clinical trials is not realistic for the less
common HRD genes and may miss cases where HRD is the result
of polygenic tumor development (5, 6).

BRCA1/2mut and other HRD tumors have been shown to display a
specific pattern of genome-wide somatic single nucleotide variations
(SNVs) defined as “mutational signature 3” (Sig3) in the COSMIC
signature catalog, which consists of several dozen “signatures” based on
the base substitution types and the trinucleotide context in which the
substitutions occur (7, 8). A pattern of insertions, deletions, and
rearrangements have also been associated with BRCA1/2mut
tumors (8). HRD status can also be inferred from the copy-number
variation (CNV) profile of the tumors. For example, a commercial
platform for detecting HRD called MyChoice from Myriad Genetics
calculates genomic instability score (GIS), comprised of loss-of-
heterozygosity (LOH), telomeric allelic imbalance (TAI), and large-
scale state transitions (LST; ref. 4). Both Sig3 and GIS are strongly
associated with BRCA1/2 mutations and have been proposed as geno-
mic markers of HRD, and their ability to predict sensitivity to PARPi
has been shown in preclinical models (8–14). HRD is also associated
with other specific alterations, such as excess of deletions with micro-
homology at the deletion junction and long tandemduplications.When
whole-genome sequencing (WGS) data are available, one could also use
the HRDetect diagnostic tool, which utilizes a weighted model that
accounts for both substitution and rearrangement signatures to identify
HRD cases, even when they are not BRCA1/2mut (11).
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Clinical validation of these genomic biomarkers of HRD has aimed
at identifying patients who might benefit from platinum- or PARPi-
based treatment. In breast cancers, LOH and LST scores were asso-
ciated with platinum responses in the PrECOG 0105 (15) and TBCRC
009 (16) trials. GIS predicted pathologic responses with neoadjuvant
chemotherapy (17) and improved disease-free survival with adjuvant
epirubicinþ cyclophosphamide chemotherapy in SWOG S9313 (18).
However, GIS has not been predictive of response in all studies—the
Myriad HRD assay was not associated with responses to either
neoadjuvant cisplatin or paclitaxel in TBCRC 030 (19) or to docetaxel
or carboplatin in themetastatic setting in the TNT trial (20). In ovarian
cancers, GIS was associated with progression-free survival (PFS) and
overall survival (21). In terms of PARPi, several studies have shown
that patients with ovarian cancer with high GIS have longer PFS and
higher response rates (1, 4, 22, 23). Instead of using GIS, the ARIEL3
investigators used genome-wide LOH (gLOH) as defined by Founda-
tion Medicine’s T5 assay (24) and showed that a gLOH >16% was
associated with longer PFS (25).

Other methods for testing HRD status have practical limitations:
standard Sig3 detection requires whole-exome sequencing (WES) or
WGS data, GIS requires a proprietary assay for profiling BRCA1/2
mutations and copy-number profiling, and HRDetect requires
WGS. In particular, none of these methods could be applied to
cancer gene panels (typically 100–400 genes) that are often
employed in clinical settings. To overcome this limitation, we have
previously developed the Signature Multivariate Analysis (SigMA)
algorithm that can infer the presence of Sig3 even when the number
of detected mutations is an order of magnitude smaller due to the
narrow region of the genome targeted by the panel (14). We initially
showed that Sig3 prediction from panels is a good proxy for Sig3
prediction from WES using several cancer cell lines that were
treated with PARPi (14). Subsequently, we used SigMA to analyze
data from the TOPACIO trial (combination of niraparib with
pembrolizumab in ovarian cancer). We showed that Sig3 positivity
inferred from panels was associated with response to combined
PARP and PD-1 inhibition in ovarian cancer (26).

Here, we assess the validity of panel-based Sig3 (panel-Sig3) pre-
diction by SigMA through a direct comparison with paired WES data
as well as with GIS and BRCA1/2 status on the same tumors. The

applicability of panel-Sig3 would be of great clinical importance
because it would provide a quicker andmuch less expensive biomarker
in PARPi and other HRD-related clinical studies. We utilized data
from a study evaluating the combination of the PI3K inhibitor
buparlisib (BKM-120) with olaparib in patients with advanced TNBC
or high-grade serous ovarian cancer (HGSOC; ref. 27), where the
combined regimen yielded a response rate of 29%. We also externally
validated panel-Sig3 using data from the Phase II PETREMAC trial,
which investigated single-agent neoadjuvant olaparib in unselected
and treatment-na€�ve triple-negative breast cancer (TNBC) and found
an objective response rate (ORR) of 56% not restricted to patients
harboring germline BRCA1/2 mutations (28). In both studies,
responses to PARP inhibition were not limited to carriers of a germline
BRCA1/2mut, making these data ideal for our Sig3 validation study.

Materials and Methods
Clinical data and patient selection

NCT01623349 is a multicenter phase Ib trial of escalating doses
of olaparib and buparlisib (27). Clinical trial data were obtained
from the study registered at ClinicalTrials.gov. This was a multi-
center, open-label, phase Ib trial with a 3 þ 3 dose-escalation
design. Eligibility criteria included age of at least 18 years, diagnosis
of recurrent TNBC, or diagnosis of high-grade serous ovarian
cancer or recurrent breast cancer of any histology with germline
BRCA mutations. We obtained WES and panel sequencing
from 37 participants (cohort 1) based on the availability of
tissue. DNA extraction and construction of libraries for massively
parallel sequencing were performed as described previously (29).
For the analysis of the concordance between different HRD detec-
tion methods, all 37 patients were included. For the analysis of
responses, there were 5 patients who went off study in the absence
of progression (radiological or clinical) and thus were not analyzed
for response rates and were censored in the time-to-event analyses.
The PETREMAC trial (NCT02624973) is a multicenter phase
II study that included patients with stage II/III breast cancer
that were stratified to eight different neoadjuvant treatment regi-
mens. The cohort of 32 patients with TNBC (cohort 2) received
initial olaparib monotherapy for up to 10 weeks, before assessment
of tumor response. Clinical and radiologic evaluation of tumor
size was carried out by each local investigator. Tumor biopsy
studies in this report were collected before olaparib treatment
and underwent targeted DNA sequencing (360 genes), as described
previously (28, 30). All study participants provided written
informed consent; the studies were conducted in accordance with
Declaration of Helsinki ethical guidelines and approved by an
institutional review board (IRB).

The Cancer Genome Atlas (TCGA) data
The germline mutation calls by TCGA were also downloaded

from GDC data portal (31); the overall pathogenicity determined in
that publication allowed us to select samples with germline muta-
tions. Four samples with Prioritized VUS were not considered as
germline BRCA1/2mut. The consensus somatic single base substi-
tution and indel calls (32) were also downloaded from the GDC data
portal (31). The samples with somatic BRCA1/2 mutations in the
TCGA BRCA and OV cohorts were selected on the basis of the
presence of pathogenic annotation ClinVar database, or a damag-
ing/deleterious effect prediction by SIFT or PolyPhen as long
as these alterations were not annotated to be benign or likely benign
in ClinVar.

Translational Relevance

Among patients with breast cancer, PARP inhibitors (PARPi)
are approved forBRCA1/2 carriers, but there is growing evidence of
benefit in additional patients. There is an immense clinical need for
a more comprehensive biomarker of response to PARPi. We have
previously developed a method to detect mutational signature 3
(Sig3) associated with homologous recombination deficiency from
clinical panel sequencing data. This work brings mutational sig-
natures closer to the clinic by not only confirming our ability to
reliably detect Sig3 from clinical sequencing but also relating these
to meaningful clinical outcomes (progression-free survival and
objective response rate). Our method is unique that it detects Sig3
from routine clinical sequencing (targeting a few hundred genes),
whereas previous methods for Sig3 detection required whole-
exome or whole-genome sequencing (not routine care). Sig3 could
be used to design clinical trials to identify patients who will benefit
from PARPi with high probability, without additional sequencing
costs.

Signature 3 Predicts Responses to Olaparib
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Mutation calls
Single base substitutions

Somatic single base substitutions were calculated using MuTect2
and germline SNPs were called with HaplotypeCaller, according to the
GATK best practices (33). Somatic single base substitutions with
supporting read count less than 8 and 2, total depth less than 20 and
5, allelic fraction less than 0.1 and 0.05, for MSK-IMPACT panels and
WES data, respectively, were filtered out.

Copy-number alterations (CNA)
Segment level CNAs were calculated using Sequenza (34) and gene-

level CNAs using GISTIC (35) from the segment-level Sequenza
results.

HRD detection methods
GIS calculation

Using Sequenza (34) copy-number calls and scarHRD algo-
rithm (36), we calculated LOH [median and standard deviation (SD)
in BRCA1/2mut tumors were 16.5 and 6.8, respectively], LST (median
and SDof 25.5 and 10.3, respectively), and TAI (median and SD of 24.0
and 8.0, respectively). The sum of these quantities yields GIS. We
compared the distribution of GIS values in our cohort with those from
TCGA for BRCA1/2mut tumors (Supplementary Fig. S1). The GIS
values for the TCGA were calculated from SNP arrays by the TCGA
Pan-Cancer Atlas project (37, 38).

Sig3 calculation
The Sig3 calculationwas carried outwith SigMAalgorithm (14). For

analysis of TCGA tumors the in-built multivariate classifiers with data
parameter “tcga_mc3”were used. Similarly, for MSK-IMPACT panels
and WES data in cohort 1, Sig3 predictions were performed with the
in-built multivariate classifiers with data parameter “msk” and “seq-
cap,” respectively. The predictions were done for breast cancers and
ovarian cancers separately using the corresponding tumor type set-
tings (tumor_type parameter “breast” and “ovary”). For MSK-
IMPACT panels, samples with less than five SNVs are classified as
Sig3�. The 77% of panels in cohort 1 have ≥5 SNVs. In simulations,
91% of Sig3þ and 66% of samples have ≥5 SNVs. The samples that
have <5 SNVs are accounted for in the calculation of 74% sensitivity at
10% FPR. For cohort 2, a new classifier was trained using simulations
that are generated following the same procedure as described previ-
ously (14). Because of the smaller library size of panels in cohort 2 and
the lower counts of SNVs, Sig3 detectionwas performed for all samples
with ≥4 SNVs, and 75% of samples satisfied this criterion. In simula-
tions 90% of Sig3þ and 65% of Sig3� samples have ≥4 SNVs and
samples that have <4 SNVs are accounted for in the calculation of 70%
sensitivity at 10% FPR. In this study, we used the threshold in WES
data that corresponds to 5% FPR and 90% sensitivity, and the one
that corresponds to 10% FPR and 75% sensitivity in panel data to
define Sig3þ tumors. The sensitivity and FPR are determined using
panel and WES simulations generated by down-sampling WGS data
with respect to the ground truth defined on the basis of the Sig3
calculation in WGS data.

SigProfiler calculation
To compare SigMA-based Sig3 calculation to other popular signa-

ture analysis methods, we used SigProfiler (39). The de novo signature
analysis with SigProfiler found 3 signatures in our cohort. The
signatures were matched to the COSMIC catalog v3 and those with
the highest cosine similarity were identified. Signature A was most
similar to Sig3 (Supplementary Fig. S2).

Sig3 selection thresholds for SigMA
To define Sig3þ samples from panel and WES data, we used

thresholds that correspond to 10% and 5% FPR, respectively. The
10% FPR threshold was found to capture more true positives and had
an overall better predictive value of response, whereas inWES data the
5% threshold selects samples with higher Sig3 exposure (Supplemen-
tary Fig. S3) and allows better separation in PFS. These results are
summarized in:

* Comparison of GIS and Sig3 exposures in WES data between
samples that have SigMA scores above the 5% and 10% FPR
thresholds (Supplementary Fig. S3).

* Comparison of PFS between Sig3þ and Sig3� samples with
different thresholds. In panel data, the PFS was also better
associated with the 10% FPR (reported in Results section)
compared with 5% FPR (P ¼ 0.57; median 5.7 and 7.7). Instead,
in WES data, the 10% threshold provided worse PFS separation
(P ¼ 0.19; median 5.63 and 6.97) compared with 5% threshold
(reported in the Results section).

* The number of patients that are BRCA1/2mut in different Sig3
categories (Supplementary Fig. S4).

Comparison of Sig3 detection with SigMA in WES data compared
with other methods

The detection of Sig3 from WES with SigMA and 5% FPR
threshold compared with alternative signature detection approaches.
We compared PFS ofWES-Sig3þ classification with SigMA to PFS of
samples with positive Sig3 exposure calculated by NNLS (Supple-
mentary Fig. S5) as well as with nonnegative matrix factorization
(NMF; as implemented in SigProfiler algorithm; Supplementary
Fig. S2). A significantly longer PFS is observed in samples that had
a Signature A exposure greater than 25, but the association
was still inferior in comparison with SigMA classification (lower
significance, smaller PFS increase 2.2 months vs. 4.24 months
with SigProfiler and SigMA, respectively). Confirming our observa-
tion of lower Sig3 exposure in Sig3� samples with NNLS, the
NMF analysis yielded a similarly low exposure distribution in the
WES-Sig3� group (Supplementary Fig. S2) even if there were
samples with positive exposures. The Sig3þ samples selected with
SigMA associate better to the PFS compared with other signature
analysis methods.

Survival analysis
Survival analyses were performed with the Kaplan–Meier method

using survival R package. Patients stratified according to Sig3 status
and tumor type. Curves were compared using the log-rank method.
A Cox regression analysis was performed to estimate the effect size
of each feature. The P values for Cox-regression were calculated by
Wald test.

Pathway analysis
The difference in copy-number gain and loss frequencies of genes is

used to calculate geneset enrichment scores with ReactomePA package
(Supplementary Table S1). The gene level differences can be found in
Supplementary Table S2.

Code availability
The SigMA algorithm is available on GitHub (https://github.com/

parklab/SigMA). The code used in the analysis will be provided upon
request from the authors.
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Data availability
The authors support the dissemination of research data that has

been generated, and increased cooperation between investigators. The
data that support the findings of this study are available at
doi:10.17632/zg5xvm3f3w.1. Raw data for this study were generated
at the Dana-Farber Cancer Center and Memorial Sloan Kettering
Cancer Center. Derived data supporting the findings of this study are
available at the database of Genotypes and Phenotypes (dbGaP) via
study accession: phs003019.v1.p1. Further de-identified individual
participant data will be provided according to institutional procedures.
Requests addressed to G.M. Wulf must include a description of the
nature of the proposed research and extent of data requirements. Data
recipients are required to enter a formal data sharing agreement that
describes the conditions for release and requirements for data transfer,
storage, archiving, publication, and intellectual property. Requests are
reviewed by the study team in terms of scientific merit and ethical
considerations, including patient consent.

Haukeland University Hospital and the University of Bergen sup-
port the dissemination of research data and cooperation between
investigators nationally and internationally. On the basis of current
Norwegian laws and regulations, and the biobank approval for the
PETREMAC trial given by the Regional Ethics Committee Western
Norway before the study commenced, genomic data are not to bemade
openly available. After publication and upon formal request, raw
sequencing data, including de-identified individual participant data
and a data dictionary defining each field in the data set, may be shared
according to institutional guidelines, pending project-specific
approvals from the Regional Ethics Committee in Norway. Requests
are via a standard pro forma describing the nature of the proposed
research and extent of data requirements. Data recipients are required
to enter a formal data sharing agreement that describes the conditions
for release and requirements for data transfer, storage, archiving,
publication, and intellectual property. Requests are reviewed by the
PETREMAC study team in terms of scientific merit and ethical

considerations, including patient consent. An evaluation as described
above will typically take three months. Requests may be directed to H.
P. Eikesdal.

Results
Cohorts and high-throughput sequencing

NCT01623349 was a multicenter phase Ib trial of escalating doses
of olaparib and buparlisib (27). Archival tumor material was
collected prior to enrollment, and WES, and panel sequencing was
obtained from the 37 patients (cohort 1) based on the availability of
tissue. These patients include 26 with high-grade serous ovarian
cancer (including four fallopian tube and two primary peritoneal
tumors) and 11 with TNBC (Fig. 1A). Panel sequencing was
performed using the MSK-IMPACT (Memorial Sloan Kettering-
Integrated Mutation Profiling of Actionable Cancer Targets) panel,
which covers 341 genes (2.1 Mb). WES was performed using
solution hybrid selection (73.7 Mb). We determined the Sig3 status
from both panel and WES data using SigMA. We also calculated the
GIS from WES data with the scarHRD algorithm (36). We com-
pared the GIS in BRCA1/2 mutant tumors in our cohort to the
calculation by the PanCanAtlas consortium in the TCGA data.
(See Materials and Methods for detailed information.) The PET-
REMAC study was a phase II trial evaluating olaparib monotherapy
in the neoadjuvant setting for 32 patients with untreated TNBC
(cohort 2; ref. 28). Pre-treatment biopsies were extracted and sub-
mitted for targeted DNA sequencing applying a 360-gene panel
(1.5 Mb; ref. 30). Cohort 1 had on average 9.9 mutations (median ¼
7; SD ¼ 9.5) per sample and cohort 2 had 6.96 (median ¼ 5;
SD ¼ 5.0) mutations. It is important to note that using synonymous
and noncoding region mutations increases the counts of mutations
available for signature analysis and improves the detection accu-
racy. The 77% and 57% of mutations used in the signature analysis
for cohorts 1 and 2 were either noncoding or synonymous.

Cancer type
Prior lines

– –

––

A

B C D

Figure 1.

Cohort 1 details and comparison of different HRDdetectionmethods.A,Clinical and genomic characteristics for each sample (small numbers at the bottom represent
the individual study ID of each participant), grouping based on RECIST best overall response criteria. Clinical characteristics include the different cancer types and
number of prior treatments. Different intervals of PFS are shown in the third row. Genomic characteristics include BRCA1/2mutation status, Sig3þ classification by
SigMA from panel andWES data, and the GIS calculated fromWES. The lighter fill color of BRCA1/2mut indicates lack of LOH. B, 2 � 2 table of Sig3 status identified
fromWESandpanel concordance is 81%.C, 2 � 2 table ofGIS calculatedwith scarHRDversus Sig3 status frompanel data.D,Mutations ofBRCA1/2 versus Sig3 status.
One patient had both a BRCA1 and BRCA2 mutation. Tx, therapy; WT, wild type.
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Sig3 predictions with SigMA algorithm
The SigMA algorithm infers the HRD status from panel data by

estimating the likelihood that the observed mutational spectrum
results from Sig3 (14). A compendium of WGS cases collected by the
International Cancer Genome Consortium (ICGC) provides the
resource for determining which signatures tend to co-occur and their
frequencies in different tumor tissue types (40). The likelihood mea-
sure indicates the compatibility of mutations identified in a patient to
the expected mutational spectra of Sig3þ tumors in the ICGC data. By
combining these likelihoods with other signature-related features in a
multivariate machine-learning classifier, SigMA robustly predicts the
presence of mutations from Sig3. Classifiers are trained using realistic
simulations of panels or WES obtained by down-sampling whole
genomes (WGS) that provide the “true” Sig3 tags. The sensitivity and
false-positive rate (FPR) are calculated by comparing the Sig3 classi-
fication in simulated panels orWES to the categories inWGS data. For
MSK-IMPACT panels used to sequence cohort 1, Sig3 detection was
shown to have a sensitivity of 74% at 10% FPR (14). In cohort 1, the
previously described (14) classifiers and thresholds (<5% and <10%
FPR) were employed directly without any retraining for Sig3 classi-
fication from panels and WES. For cohort2, following the procedure
described above, we simulated panels according to the specific library
coverage and used the simulations to train a new classifier yielding a
sensitivity of 70% at 10% FPR. For panel data in cohorts 1 and 2, we
defined samples with a SigMA score larger than that corresponding to
10% FPR as Sig3. We adopted a more stringent selection criterion
corresponding to a <5% FPR to define Sig3þ tumors in WES. Higher
counts ofmutations inWES comparedwith panels allow a reduction in
FPRwithout leading to a dramatic decrease in sensitivity (seeMaterials
and Methods for more information).

Validation of sig3 predictions from panels using exomes
The Sig3 classification was in agreement between WES and panel

data for 30 of 37 patients (81% concordance). For the remaining 7
patients, 5 tested Sig3þ only for their panel data, and 2 tested Sig3þ
only for theirWES data (Fig. 1B). More stringent selection criterion in
WES data preferentially selects samples with a higher burden of Sig3,
and the Sig3� category may include tumors with a nonnegligible but
low burden of Sig3, partly explaining why there aremore panel-Sig3þ/
WES-Sig3� samples compared with panel-Sig3�/WES-Sig3þ cases
(Materials and Methods; Supplementary Figs. S1 and S2).

HRDpredictions using sig3 frompanel andGIS havea significant
overlap

We then compared the level of concordance with GIS for panel-
Sig3 and WES-Sig3. For GIS, we imposed a threshold of 42 to define
HRD based on prior work (7). As shown in Fig. 1C, between panel-
Sig3 and GIS, there was an agreement for 29 of 37 cases (78%
concordance); between WES-Sig3 and GIS, there was an agreement
for 28 of 37 samples (76% concordance). These suggest that panel-
Sig3 provides an adequate proxy for WES-Sig3 in comparing
substitution-based signature with genome instability as measured
by GIS. There are seven cases with GISþ / panel-Sig3�, but five of
these were also WES-Sig3�, suggesting that the difference is
between substitution-based versus CNV-based signature, rather
than a panel versus exome difference. Two tumors were GIS� /
panel-Sig3þ / WES-Sig3�, potentially indicating a false positive
HRD assignment from panel sequencing. In addition, four out of
seven with GISþ / Sig3� (panel) had borderline GIS values.
Although a very good correlation has been reported between WES
and SNP-array dependent GIS values (36), minor adjustments may

be necessary for selecting the optimal threshold. A higher threshold
of GIS ≥49 provided the highest concordance of 86% with panel-
Sig3 and 84% with WES-Sig3 (Supplementary Fig. S3).

Overall, the high concordance between Sig3 calls from panel and
exomes as well as between GIS score and Sig3 positivity provides
orthogonal validation that panel-Sig3 can be used to identify HRD
tumors. The HRD tumors defined by Sig3-positivity have a higher
response rate to PARPi. The small number of discordant cases between
Sig3 and GIS may reflect either the differences in the accuracies of the
methods in identifying HRD, differences in underlying mechanisms
that cause copy-number variations and single-base substitutions in
HRD tumors, or a combination of both. The impact of these different
HRD biomarkers on clinical outcomes following treatment with
PARPi is discussed in a later section.

Sig3 and GIS detect HRD in most BRCA1/2mut tumors
Cohort 1 had 24 BRCA1/2mut tumors of germline origin with 14

BRCA1mut and 10 BRCA2mut cases (Fig. 1A). As shown in Fig. 1D,
there was a significant association of BRCA1 or BRCA2 mutations
(P ¼ 0.0049, Fisher exact test) with Sig3 positivity; 79% (19/24)
of BRCA1/2mut were panel-Sig3þ, 71% (17/24) were WES-Sig3þ,
and 87% (21/24) were GISþ. Five patients—4 BRCA1mut and
1 BRCA2mut—had panel-Sig3�, and 4 of these patients were also
WES-Sig3�, indicating that a fraction of BRCA1/2mut cancers arises
through mechanisms unrelated to the development of Sig3. These
Sig3� BRCA1/2mut samples also exhibited a numerically lower GIS
than Sig3þ BRCA1/2mut cases (Supplementary Fig. S3). Among the
BRCA1/2 WT samples, 23% (3/13) were identified as panel-Sig3þ.
For 6 of the 24 BRCA mutations, the pathogenicity of the mutation
according to ClinVar was uncertain (n ¼ 2), or LOH of the second
BRCA1/2 allele with a copy-number loss or somatic mutations could
not be established (n¼ 4). The two samples with BRCA1/2 alterations
that qualify as variants of uncertain significance (VUS) were also
Sig3þ, supporting their classification as HRD positive. Two of the four
samples without biallelic loss were Sig3þ, and the remaining two
samples were Sig3�. Overall, we find that 20/24 (83%) BRCA1/2mut
patients had a biallelic loss, mostly due to LOH.

It is important to highlight that the response rate among
BRCA1/2mut tumors to PARPi therapy is approximately 50%. Thus,
discordance—or imperfect overlap—between these HRD detection
approaches and BRCA1/2 mutations does not necessarily suggest
weakness of the method. Instead, it may indicate the potential for
further refinement of patient selection. Hence, comparing different
methods in terms of patient outcomes is a critical step in assessing
these biomarkers.

Sig3þ predicts longer PFS better than GISþ and BRCA1/2mut in
ovarian or breast cancer treated with PARPi

We evaluated the relationship of Sig3 positivity with PFS in this
cohort of 37 patients with advanced and heavily pretreated ovarian
cancer (n¼ 26) and TNBC (n¼ 11) whowere uniformly treatedwith a
PARPi-containing regimen in a clinical trial setting (see Materials and
Methods for details; ref. 27). PFS was significantly longer (log-rank
test;P¼ 0.036) in the panel-Sig3þ group, with amedian of 7.7months,
compared with the Sig3� group, with a median of 5.6 months
(Fig. 2A). Similarly, median PFS in the Sig3þ group identified with
SigMA on WES data was 8.5 compared with 5.0 in the Sig3� group,
(log-rank test; P ¼ 0.0057; Fig. 2B).

Although Sig3þ (WES or panel) was associated with a significantly
longer PFS, GIS and BRCA1/2mut were not observed to have
any association with PFS (log-rank test: P ¼ 0.37 and 0.10,
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respectively; Fig. 2C and D). The GISþ / panel-Sig3� patients had a
short PFS, similar to the GIS� / panel-Sig3� cases (Supplementary
Fig. S5). The selectionwithGIS ≥ 49was somewhat better in predicting
PFS than the GIS ≥ 42 selection but did not change the general
conclusion (Supplementary Fig. S1). Accounting for potential con-
founding factors such as prior lines of treatment, age, and cancer type
in the Cox regression analysis decreased HRs of progression or death
for BRCA1/2mut and patients with GIS ≥ 49, although Sig3 panel or
WES remained the most promising biomarker with the lowest hazard
ratio and tighter confidence intervals (Supplementary Figs. S1 and S6).
Loss-of-function mutations in other genes potentially associated with
homologous recombination that could explain the response to PARPi
were not identified.

When combined in a Cox regression model, Sig3 status was signifi-
cant (P ¼ 0.03; HR, 0.34; Fig. 2E) and BRCA1/2 status was not
(P ¼ 0.26). This combined analysis shows that Sig3 brings additional
information that allows better stratification of HRD patients beyond
BRCA1/2mut status. These findings suggest that there is a great deal
of heterogeneity in PFS among the BRCA1/2mut cases and that
BRCA1/2mut status is less informative than the Sig3 status. When GIS
is used in place of Sig3, it was not statistically significant (P ¼ 0.40 and
0.069 for 42 and 49 thresholds, respectively: Fig. 2F; Supplementary
Fig. S1E). The number of previous lines of therapy was significantly
associated with a higher risk of progression (P¼ 0.003; HR, 4.24 in the
Sig3 model and P ¼ 0.006; HR, 3.49 in the GIS model; Fig. 2E and F),
likely related to the acquisition of cross-resistance between platinum
and other DNA damaging chemotherapies and PARPi. These results
suggest that panel-Sig3 may serve as a biomarker to identify HRD can-
cersmost likely to respond to PARPi independently of previous therapy.

PARPi have been approved for BRCA1/2 carriers in various can-
cer types. Therefore, an immediate step towards more comprehen-
sive HRD detection would be to include patients based on their
BRCA1/2mut as well as Sig3 status to identify a larger number of
patients potentially responding to PARP inhibition. A similar
approach has been adopted for GIS-based commercial tests. In later
stages, it may be possible to explore the use of Sig3 to increase the
specificity of HRD detection by differentiating between BRCA1/2mut
tumors with and without HRD. Our current analysis does not
allow a definitive conclusion in this respect. Defining panel-Sig3þ
and/or BRCA1/2mut patients as HRD, we find a significantly higher
response rate (per RECIST, version 1.1 criteria) to PARPi in HRD
patients (9/23: 39%) compared with non-HRD patients (0/10, 0%;
Fisher exact test; P ¼ 0.03).

ATR amplification confers resistance to PARPi
To identify additional genetic factors that may impact PFS, we

examined the association of CNAs of single genes implicated in HRD
with PFS. We focused on the role of CNAs of ATR, TP53BP1, EZH2,
and POLQ, as these genes have been implicated in PARPi resistance
through replication fork stabilization (41). Among these, ATR ampli-
fication was significantly associated with shorter PFS (log-rank test:
P ¼ 0.01; Fig. 3A). Although other CNAs also had a trend towards
shorter PFS, they were not statistically significant (Supplementary
Fig. S7). Upon inclusion into the Cox regression model, ATR ampli-
fication is associated with worse PFS with a hazard ratio of 4.48,
whereas HRD is associated with better PFS with aHR of 0.16 (Fig. 3B).
When samples are stratified according to HRD andATR amplification
into four groups, the longest PFS is obtained for Sig3þpatients without

Time (years) Time (years) Time (years) Time (years)

A

E F

B C D

P = 0.036

n = 22 n = 19 n = 28
n = 13

n = 24
n = 9n = 18n = 15

P = 0.0057 P = 0.37 P = 0.10

Sig3– Sig3+ Sig3– GIS–Sig3+ GIS+

HR HR

Figure 2.

Survival analysis according to (A and B) Sig3 status using panel data (median survival: 5.6 vs. 7.7 months in Sig3� and Sig3þ samples, respectively) and WES
(median survival: 5.0 vs. 8.5 in Sig3� and Sig3þ samples respectively); C, GIS (median survival: 5.6 months vs. 7.0 months in GISþ and GIS� samples, respectively);
D, BRCA1/2mut or WT (median survival: 5.5 months vs. 7.3 months in WT vs. BRCA1/2mut samples, respectively). Cox multivariate regression including (E) Sig3
status or (F) GIS. Age, ECOG, and stage as covariates did not have significant HR and were not included as covariates. “Prior lines” refers to the number of previous
lines of therapy in the metastatic setting.
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ATR amplification (Supplementary Fig. S7). Notably, 7 patients with
HRD tumors did not have clinical benefit—defined as a radiologic
response or stable disease for at least 6 months—from the treatment.
Five of these seven tumors were found to have ATR amplification,
possibly explaining the lack of response. These exploratory and
hypothesis-generating results suggest that adding ATR amplification
status to Sig3 may be informative although the determination as to
whether ATR amplification is associated with primary or acquired
resistance will require analysis of larger datasets of tumors from
patients treated with PARPis.

External clinical validation of panel-Sig3 in TNBC using data
from the phase II PETREMAC trial

Cohort 2 (from the PETREMAC trial) and the study results were
previously described in detail (28). In brief, the phase II PETRE-
MAC trial included patients with primary TNBC >2 cm, and
patients received olaparib for up to 10 weeks before response

assessment. The calculation of panel-Sig3 using targeted DNA
sequencing (360 genes) from tumor biopsies collected before ola-
parib (treatment-na€�ve tumors) revealed that most tumors (59%)
are classified as Sig3þ (Fig. 4A). For comparison, the frequency of
Sig3þ tumors in TCGA (Fig. 4B). Of the 19 patients classified as
panel-Sig3þ, only 4 patients were carriers of a germline BRCA1/2
mutation (Fig. 4C), underscoring that Sig3 identifies patients
with HRD beyond gBRCA1/2 mutations. We compared the ORR
of patients classified as panel-Sig3þ with patients classified as
panel-Sig3� and found that the ORR in the former group is higher
than in the latter (74% vs. 31%, P ¼ 0.029; Fig. 4D).

Analysis of TCGA data identifiesmany Sig3þ breast and ovarian
cancers beyond BRCA carriers

Cohort 1 is enriched for BRCA1/2mut patients as opposed to an
unbiased selection of TNBCs and HGSOCs. To provide estimates on
the frequency of Sig3þ tumors in a patient population not enriched for

A B

P = 0.013

n = 15
n = 22

Time (years) HR

Figure 3.

Survival analysis according to (A)ATR amplification (median PFS 5.0months vs.10.9months, respectively, for sampleswithATR amplification and those without).B,
Coxmodel same as in Fig. 2Ebutwith the additional covariate ofATR amplification. HRD is defined as panel-Sig3þ and/orBRCA1/2mut. “Prior NTx” refers to number
of prior lines of therapy.
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Figure 4.

Fraction of samples that are Sig3þ (top), the proportion of samples with germline BRCA1/2mut for Sig3þ and Sig3� groups (middle), and pie charts showing the
fraction of samples that are Sig3þ germline BRCA1/2 WT in TNBCs from PETREMAC trial (A) and TCGA ovarian cancers and the major clinical subtypes of breast
cancer (B). The fraction of samples that are Sig3þ but not germline BRCA1/2mut are shown below the pie charts in red and the fractions are indicated below. Pink:
Sig3þ and germline BRCA1/2mut, Green: Sig3� and germline BRCA1/2mut, and Blue Sig3� and germline BRCA1/2WT. C, HR-gene alterations in patients from the
PETREMAC trial.D,ORR from patients from the PETREMAC trial according to panel-Sig3 classification and etiology of Sig3. Error bars denote the SE. The number of
samples and the responders are denoted in parenthesis. WT, wild type.
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tumors with deleterious BRCA1/2 mutation, we analyzed WES data
from 901 unselected breast cancer samples and 454 unselected ovarian
serous cystadenocarcinomas samples fromTCGA.We found that 47%
and 50% of TNBC and ovarian cancers can be classified as Sig3þ
whereas only 11% and 14% have a germline BRCA1/2 mutation,
respectively (Fig. 4B). Somatic BRCA1/2 mutations were found in
only a minority of these tumors and constituted 8% and 5% of TNBCs
and ovarian cancers, respectively. If we focus on TNBC, where the
indication for PARPi is currently limited to carriers of a germline
BRCAmutation, Sig3 could identify an additional 37% of patients who
might be candidates for PARPi. Even though at a lower rate, hormone
receptor or HER2-positive breast cancer were also classified as Sig3þ
and hence these patients could potentially benefit from HRD-targeted
therapy (i.e., PARPi). Thus, Sig3-based detection has the potential to
substantially increase the number of patients who benefit from PARPi
beyond those with germline BRCA1/2 mutations.

Discussion
In this study, we show that the Sig3 classification from clinical panel

sequencing could potentially serve as a surrogate for Sig3 from exomes
and, more importantly, is predictive of response to a PARPi combi-
nation, surpassing the predictive value of eitherBRCA1/2 status orGIS.
We provide the first analytical validation that the Sig3 classification
from gene panels has excellent concordance with that derived from
WES data from patients with breast and ovarian cancers (cohort 1).
This study also provides clinical validation of panel-Sig3 as a predictive
biomarker in patients with breast and ovarian cancer receiving com-
bined olaparib/buparlisib (cohort 1). In addition, for the first time, we
clinically validate panel-Sig3 as predictive of olaparib response in a
population with treatment-na€�ve and unselected TNBC (cohort 2).
This means that the SigMA algorithm can be applied to panel
sequencing data currently obtained for patients as part of their routine
care for metastatic solid tumors, and thus, is an immediately available
resource to contribute to HRD prediction. Although panel sequencing
is currently standard-of-care for most metastatic cancers to pinpoint
therapeutic targets, the implementation of Sig3 calculation adds
minimal compute cost and time. This contrasts with other methods
such as GIS, which requires WES, or an additional commercial assay,
or HRDetect, which requires WGS from fresh biopsies. Hence, Sig3
status extracted from panel sequencing commonly used in the clinic,
has the potential to aid decision-making on the use of PARP inhibitors,
and should be added as an exploratory biomarker in ongoing studies
and as an integral marker in future clinical trials. It is important to note
that all patients with partial response tested positive for Sig3 or a
BRCA1/2 mutation, whereas three patients derived a clinical benefit
who were neither Sig3 positive nor carried a BRCA1/2 mutation,
implying that we still lack the tools to identify all patients who benefit
from PARP inhibition, or that PARPi may have mechanisms of action
independent of HRD. In cohort 1, 2 patients were panel-Sig3þ but did
not carry a BRCA1/2 mutation, and 1 of these patients had a partial
response and PFS longer than 1 year with the PARP–PI3K inhibitor
combination. Biologically, this finding raises the possibility that HRD
is a polygenic phenotype that is only captured by a genomic signature
rather than single mutational driver events in some tumors. If a
patient’s tumor was panel-Sig3þ or BRCA1/2m, the ORR was 39%
and the clinical benefit rate was 65%. If neither was present, the ORR
was 0%, and the clinical benefit rate was 30%. In cohort 2, the ORRwas
74% for patients whose tumor was panel-Sig3þ or BRCA1/2m,
whereas the group of patients with panel-Sig3� tumors had a signif-
icantly lower ORR of 31%.

It is noteworthy that in cohort 1, all patients who achieved an
objective response tested positive for either Sig3 or BRCA1/2. Among
patients who had progressive disease as their best response (primary
resistance), there were two BRCA1/2mut patients, one of whom was
Sig3þ, but the patient had more than seven prior lines of treatment.
Whether the absence of Sig3 can be used to predict primary resistance
to PARP inhibition among BRCA1/2 carriers is unclear at this point.
The overall response rate to olaparib in germline BRCA1/2 mutation
carriers with metastatic breast cancer is 59.9%, that is, 40% of patients
experience primary resistance (2), the mechanism of which is poorly
understood. Secondary, acquired resistance to PARPi can occur
through the reversal of HR gene mutations, restoration of HR through
end-resection, or replication fork stabilization (42). These secondary
resistance mechanisms are thought to be facilitated by the high
evolutionary plasticity of HRD tumors, resulting in frequent CNAs
that may lead to the recovery of some HR function during PARPi
therapy. Observed secondary resistance mechanisms are the amplifi-
cation of the ATR gene leading to upregulation of the ATR/CHK1
pathway improving fork stability (43) or loss of TP53BP1 which
partially restores HR (44). In cohort 1, we did find that ATR ampli-
fication was associated with shorter PFS. Ultimately, Sig3þmay be an
indicator of the underlying HRD, but the clinical response to PARPi
will also depend on the presence of mechanisms of resistance that are
not captured with this signature.

Limitations of our study include the small numbers of patients in
both cohorts, which limits our ability to explore the subgroups further,
and the combination treatment in cohort 1. In addition, we were only
able to analyze pretreatment tumor tissue samples and no on- or
posttreatment tissues were available to examine changes induced by
PARP inhibition. Among the 37 patients from cohort 1, there were
only 13 patients who were BRCA1/2 WT, likely from ascertain-
ment bias at enrollment favoring the enrollment of patients with
BRCA1/2mut into a PARPi trial. Of note, BKM-120was not considered
to be efficacious at the studied doses as the MTD was only 60 mg/day,
well below what was considered meaningful PI3K inhibition based
on pharmacokinetics and pharmacodynamics data (27). Therefore,
we consider the responses seen in our cohort as mostly driven by
olaparib, which was dosed at 200 mg twice a day in this study, a dose
that to date would be considered below standard of care.

In summary,patientswith Sig3þ tumors aremore likely to respond to
PARPi and have longer PFS. The implementation of Sig3 analysis with
SigMA could be applied to clinical sequencing data without a consid-
erable increase in cost and time. Prospective validation of the clinical
utility is warranted in the setting of a biomarker-driven clinical trial.
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