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ABSTRACT

Introduction: the Homologous Recombination Repair (HRR) system is essential for DNA repair and genomic stability. 
Homologous Recombination Deficiency (HRD) arises upon the inactivation of several genes involved in HRR, and 
it is commonly observed in breast and ovarian cancer. The detection of HRD is a valuable tool of clinical relevance, 
indicative of sensitivity to agnostic therapy and DNA damaging reagents. 
Methods: shallow Whole Genome Sequencing (sWGS) was performed on 26 ovarian cancer (OC) samples divided 
into training (n=13) and test group (n=13). The training set included 7 somatic and 6 germline carrying BRCA+ve (n=8) 
and BRCA-ve (n=5) status. In particular, the BRCA+ve were 3/7 somatic and 5/6 germline samples; the BRCA-ve were 
4/7somatic and 1/6 germline. All samples were prepared using the KAPA HyperPlus Library Preparation kit (Roche), 
pooled and sequenced on NextSeq550 Dx (Illumina). Large-Scale Transitions (LST) profiles were calculated using 
WGS data at low coverage (<1x) using different sliding window sizes spanning 10-1 000 Kbases. The HRD score was 
estimated using our bioinformatics pipeline. 
Results: the BRCA status was assessed in 22/26 OC samples, and the HRD score was evaluated in all somatic 
samples. In the test group, 7 BRCA+ve samples were classified as HRD+ve, 2 BRCA-ve were classified as HRD-ve, 
and 4 BRCA unknown samples were predicted as HRD+ve in two cases and HRD-ve in the other half. 
Discussion: germline BRCA1/2 mutation status is currently the main genetic biomarker of HRD, but it has its drawbacks: 
HRD can be driven purely by somatic events. A bioinformatics pipeline to evaluate the HRR system status in breast 
and ovarian cancer has been completed; it is based on sWGS to support therapeutics and follow up strategies.
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INTRODUCTION

DNA Damage Repair (DDR) pathways act to protect 
the genome of human cells from mutational insults. 
Cancer development is a multifactorial process and 
comprises key events such as the inability to control 
cellular replication, angiogenic infiltration, invasion 
activation, and metastasis formation (1). The genomic 
instability is due to genetic mutations affecting the DNA 
directly or to errors in the DNA damage repair system. One 
of the most frequently altered DDR pathways in ovarian 
and breast cancer is the homologous recombination (HR) 
system (2). This is a double-strand DNA breaks repairing 

mechanism, a relatively error-free mechanism because 
it is based on the presence of intact sister chromatids 
that guide the repair of the damaged portion of DNA (3). 
This high-fidelity DNA double-strand break (DSB) repair 
system involves numerous genes, including BRCA1 and 
BRCA2 (4). HR pathway deficiency (HRD) arises upon 
inactivation of genes; among these, BRCA1/2, RAD51C 
or PALB2 are associated with several tumors that are 
characterized by the presence of the genomic scars 
related to HRD-tumors (3): 
- Large-Scale State Transitions (LSTs), chromosomal 

breaks between adjacent regions of at least 10 Mbase; 
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- Telomeric Allelic Imbalance (TAI), defined as the number 
of regions with an allelic imbalance that extends to the 
sub-telomere but does not cross the centromere; 

- Loss Of Heterozygosity (LOH) indicates when one of 
the two alleles originally present in the cell is lost. 

These structural aberrations could be measured to 
provide a powerful score  reflecting genomic instability 
in cancer cells (5). Marquard et al. (6) have extensively 
studied Cancer Genome Atlas (TCGA) samples to 
evaluate the potential clinical significance of these 
genomics scars in several tumor types. These Authors 
reported that TAI and LSTs generally correlate with each 
other (Spearman’s ρ = 0.87), with ρ > 0.7 in 8 of 15 cancer 
types. LOH shows a lower level of correlation with both 
TAI (ρ = 0.81) and LST (ρ = 0.73). TAI and LST measure 
overlapping genomic scars and give high scores to more 
similar subpopulations of tumors. In contrast, the lower 
correlation to LOH suggests that it is counting genomic 
scars of a somewhat separate tumor subpopulation. 
Moreover, it is shown that the high correlation between 
TAI and LST is not caused by an overlap in the individual 
events counted. Instead, the high correlation indicated 
that the underlying repair defect generates multiple 
complex genomic aberration patterns. The different 
methods rely on capturing different non-overlapping 
aspects of these patterns to estimate the overall DNA 
repair competency (6).

Recognizing that these distinctive genomic scars 
have an important clinical impact because the HRD 
tumors respond more efficiently to targeted therapy with 
poly ADP-ribose polymerase inhibitors (PARPi) and DNA 
damaging reagents (7,8). Identifying these alterations at 
the somatic level and the germline could thus provide 
major support in the therapeutic choice. 

Based on all these considerations, our study aimed 
to perform a shallow sequencing protocol followed 
by the identification and enumeration of one specific 
genomic scar, namely LSTs, to outline an HRD profile, 
trying to address HRD-related target therapies as widely 
indicated, wherever applicable, by the current guidelines 
for agnostic therapy.

METHODS

Sample preparation 
DNA samples from 26 women affected by ovarian 

carcinoma were collected after obtaining written informed 
consent and included in this study to evaluate the 
workflow. The samples were divided into two subsets 
as training and test groups. This study was conducted 
in accordance with the Declaration of Helsinki and 
approved by the Ethics Committee of the University of 
Naples Federico II. Informed consent was obtained from 
all subjects involved in the study. The patients expressed 
their informed consent and authorization to anonymously 
use their biological material for diagnostic and scientific 
research purposes. The training group consisted of 13 
DNA samples extracted from formalin-fixed paraffin-
embedded (FFPE) ovarian carcinoma tissues. Among 

these, ten somatic samples were previously genotyped for 
BRCA1/2 genes by an external center and then enrolled 
by our laboratory for shallow sequencing. The other 3 
samples were genotyped in our laboratory using the 12 
genes panel for HBOC genes (Devyser AB, Stockholm, 
Sweden). The training group included both germline (n=6) 
and somatic (n=7) samples previously genotyped for 
both BRCA1/2 and HBOC genes. The somatic samples 
were 4 BRCA-ve and 3 BRCA+ve. The germline samples 
were 1 BRCA-ve sample and 5 BRCA+ve. The somatic 
DNA of 19 samples was isolated using the QIAamp 
DNA FFPE tissue kit (Qiagen, Hilden, Germany). The 
6 germline samples were extracted using the MagPurix 
Blood DNA Extraction kit 200 (Zinexts Life Science - 
Taiwan). The quality of the nucleic acid was estimated 
using the TapeStation system (Agilent Technologies, 
Santa Clara, CA, USA) followed by quantification on 
Qubit® Fluorometer 4.0 (Invitrogen Co., Life Sciences, 
Carlsbad, USA), by using both Qubit dsDNA HS (High 
Sensitivity) or BR (Broad Range) assays for FFPE and 
germline respectively.

Library preparation 

The DNA libraries were prepared using the KAPA 
HyperPlus kit (Roche Sequencing Solutions, Pleasanton, 
CA, US). According to the manufacturer’s protocol, the 
DNA libraries were prepared at a final concentration of 50 
ng/µL. Quality and integrity checks of the libraries were 
performed with the TapeStation system. Finally, the library 
concentration was measured using a high sensitivity 
Qubit dsDNA HS assay kit on Qubit® Fluorometer 4.0, 
after the equimolar pooling step of all samples included 
in the Next Generation Sequencing (NGS) run.  The pool 
was loaded to a final concentration of about 1.2 pM and 
2% Phix. The parallel sequencing step was performed 
using the NextSeq500/550 Mid output kit (300 cycles) on 
the Illumina NextSeq550 Dx (Illumina, San Diego, CA, 
USA) platform RUO mode. 

Bioinformatics analysis 

The performance of the NGS run was evaluated with 
the Illumina Run Manager installed on the instrument. 
Quality checks of sequencing data were performed 
with MultiQC software (9). The Fastq files were aligned 
to the GRCh37/hg19 assembly of the human reference 
genome using BWA-MEM algorithm (10). Moreover, 
supplementary and duplicate reads were filtered with 
Samtools and PicardTools’ MarkDuplicates, respectively. 
To detect biases in the sequencing and/or mapping steps, 
all Binary Alignment Map (BAM) files were evaluated with 
the platform-independent tool Qualimap (11). Circular 
binary segmentation on the aligned files was performed 
using different window sizes using the QDNAseq tool 
(12,13). Downstream analysis of our bioinformatics tool 
performed data normalization and dynamic coverage 
calculation throughout the entire genome (WGS data) 
with very low depth in several fixed bins. The algorithm 
scans for copy number alterations in each chromosome 
in a range of preset windows bins. The available range is 
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Figure 1
Integrative Genomics Viewer (IGV) profiles of a genetic spot 
(chr10:31,605,346-31,820,732) sequenced in 3 shallow Whole 
Genome Sequencing (sWGS) samples sequenced on Illumina 
NextSeq550DX. The figure shows coverage data in a small 
genomic region of 3 random samples sequenced using the 
shallow Next Generation Sequencing (sNGS) protocol. The 
coverage profiles are examined with Integrative Genomics 
Viewer (Broad Institute, University of California). The orange 
box highlights the overall coverage profile in a single sample 
reflecting the discontinuity of the genomic fractions covered (as 
foreseen by shallow Whole Genome Sequencing modality).

Figure 2
Coverage Across Human Reference. Overview of a coverage 
profile using Qualimap tool (11) of a sample analyzed with 
our shallow Whole Genome Sequencing (sWGS) protocol. 
From left to right, the average coverage across the entire 
reference is shown as a continuous red line through all 
chromosomes (dashed horizontal lines).

Figure 3
Genome Fraction Coverage. Aligning all the Binary Alignment Map (BAM) files, it is possible to analyze the genomic instability 
as Large-Scale Transitions. As shown in the figure, comparing the results in terms of Coverage (X) and Fraction of reference 
(%), there is a strong similarity between all the samples (each represented with different colored lines) in terms of the covered 
genome fraction. The plot was extracted from Qualimap report (11).

10-1 000Kb. After reads normalization, genomic regions 
affected by LSTs are filtered and collected. An HRD 
score is assigned to each sample in 6 different windows 
bins at this stage. Finally, the segmentation profiles are 
processed, and the number of LSTs calculated in each 
genome window is integrated in a unique result for 
the HRD classification. Three possible outcomes are 
available: HRD negative, HRD positive, or Undetermined 
when the algorithm cannot classify the HRD status.

RISULTS

The NGS protocol for shallow sequencing was 
optimized to preserve somatic DNA available in very 
small amounts, as it was extracted from FFPE samples. 
At the same time, we tried to avoid unnecessary high 
read coverage, thus allowing more samples per run to be 
loaded. The first run was loaded with 16 samples on the 
NextSeq 550 Dx using the Mid output kit described in the 
Methods section. In the subsequent runs, we fixed the 
number of samples per run to 50 to preserve coverage 
to be not lower than 0.4x. Shallow WGS was performed 
on both DNA isolated from FFPE sections and the blood 
samples (germline). The average coverage for each 
sample was expected to be lower than 1x. Therefore, the 
entire protocol was optimized to obtain a final coverage 
between 0.4x and 0.6x of genomic fraction covered. This 
was a sufficient criterion to allow a good performance of 
the algorithm. Once the samples were sequenced and 
quality checks performed on the fastq, raw reads were 
aligned against the hg19 human reference. The coverage 
profiles were then inspected with Integrative Genomics 
Viewer (14), as shown in Figure 1. The picture shows 
coverage data in a small genomic region for 3 randomly 
selected samples sequenced by our sWGS protocol. This 
tool makes possible to highlight the discontinuity of the 
genomic fractions covered as expected in the shallow NGS 
mode. For each sample, the overall coverage profile was 
evaluated and inspected. A detailed view of the coverage 
profile is shown in Figure 2. Here the coverage across 
the entire reference is shown as a continuous red line 
through all chromosomes in consecutive order from left to 
right. The genome fraction coverage for all the samples 
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is shown in Figure 3. This is a visual representation of 
how much reference has been sequenced with at least 
a given coverage rate (9) and remarks the high similarity 
among different samples in terms of fraction of genome 
covered.

All the aligned BAM files were then processed to 
study the genomic instability in terms of large-scale 
transitions. The R package QDNAseq (13) was used to 
investigate these chromosomal aberrations. Finally, the 
HRD prediction was performed using our bioinformatics 
pipeline. Training samples (n=13) were used to set 
the thresholds for the HRD scoring algorithm. In the 
training set, one “undetermined” sample, for whom HRD 
prediction was not measured, was intentionally included to 
evaluate the performance of our classifier in this possible 
scenario. For each model, three values are calculated 
and reported as: negative (indicated with “0”), potentially 
positive (indicated with “1”) or positive sample (indicated 
with “2”). In Table 1, the classification score coupled with 
the model’s predictions for both the training and the test 
group is shown. In the training group, we analyzed 13 
known samples: 1 undetermined sample, 10 negative 
samples, both somatic and germline, and 2 positive 
samples with confirmed HRD status. The algorithm 
performed well in all the 13 cases in the test group, as 
no one was classified as undetermined. We reported 4 
samples as negative and 9 samples as positive for HRD.

Interestingly, these results were successively 
compared with BRCA status when available. Indeed, we 
found 10 out of 13 samples matching the BRCA status 
and HRD score. Specifically, 8 out of 9 sBRCA+ve 
samples were also HRD positive, and 2 sBRCA-ve 
samples were found as HRD negative. The remaining 3 
samples were not genotyped before the sWGS protocol 
for BRCA, so we could not compare these results. As 
expected, all the germline samples in the training group 
were HRD negative.

DISCUSSION

Carcinogenesis is the sum of several events 
provoking the accumulation of many malignant features 
in cells, such as the ability of unlimited replication, the 
induction of angiogenesis, and the activation of invasion 
and metastasis. These events are mainly caused by 
genomic instability arising from genetic mutations (16). 
Generally, DNA damage response mechanisms, also 
called DNA Damage Repair pathways (DDRs), can 
protect the genome from mutational stimuli. Among 
these, the two pivotal repair mechanisms against 
DNA double-strand breaks (DSB) are the homologous 
recombination repair (HRR) and non-homologous end-
joining (NHEJ). One of the most frequently impaired 
DDR pathways in cancer cells is the homologous 
recombination repair (HRR). The loss of the HRR activity, 
namely Homologous Recombination Repair Deficiency 
or HRD, is caused by somatic or germline mutations in 
those genes that are principally involved in the repair of 
DSBs, especially BRCA1/2 or PALB2. The HRD appears 
to be one of the most dangerous mechanisms involved 
in cancer development. When this repairing mechanism 

is lost, the cell primarily adopts a NHEJ pathway that is 
an error-prone system that increases genomic instability 
in cancerous cells (17). In literature, both BRCA1 and 
BRCA2 mutations are described as the most associated 
with pathogenic alteration in HRR (18).

According to data reported in several studies (like the 
PAOLA-1 study) (1), HRD positivity was approved as a 
new biomarker for the stratification of patients with high-
grade epithelial ovarian cancer due to excellent results 
in maintenance therapy obtained from the combined 
administration of Olaparib and Bevacizumab (19). 
Furthermore, the use of new-generation drugs that inhibit 
the activity of poly-ADP-ribose-polymerase (PARPi) has 
shown very high efficacy, especially in BRCA-mutated 
tumors. The PARP1 and PARP2 enzymes are involved in 
the repair mechanisms of single-stranded DNA damage 
by adding long poly-ADP-ribose chains. Cells with HRD 
take advantage of NHEJ repair mechanisms more 
frequently, thus leading to an accumulation of damage 
at the genomic level. For this reason, PARP inhibition 
is particularly effective if the cell has a deficiency in the 
HRR system (20). Initially, PARPi were reserved for 
germline BRCA1 and BRCA2 positive patients, but today 
it is possible to extend the list of HRD-tumors in which 
these two genes are not mutated (20). This means that 
the identification of genomic instability, even if not linked 
to BRCA alterations, should be used as a biomarker in 
response to PARP inhibition.

One of the main mechanisms of carcinogenesis 
consists of a type of structural alteration at the 
chromosomal level, also known as Copy Number 
Variations (CNVs) (21,22). The gold standard for 
distinguishing CNVs has been committed to using a 
genome-wide comparative genomic hybridization array 
(aCGH) (23). Array-CGH is currently the most widely 
used technique. It compares the hybridization intensity 
of a DNA sample and a matched reference DNA, using 
oligonucleotide probes on a slide (23). This technique 
requires high-quality input DNA (13), thus limiting its 
application to somatic samples. The DNA extracted from 
FFPE tissue could be degraded, and formalin fixation 
could induce nucleotide changes. So, the use of FFPE-
samples leads to an increase in the background noise 
with a consequently altered interpretation of the results 
(24,25).

An alternative technique is the detection of CNVs by 
means of shallow whole-genome sequencing (sWGS), 
a sequencing method based on the number of aligned 
reads within chromosomal windows. This sequencing 
protocol requires a very low genomic coverage (0.1-1.0x) 
(12), and it has been demonstrated that the diagnostic 
and clinical significance of sWGS is comparable to the 
use of aCGH (26,27). Furthermore, this approach has 
three advantages: cost reduction, reference-free analysis, 
and lower analytical background noise (13). These 
features result from accurate computational corrections 
coupled with analyses implemented in well-established 
bioinformatics workflows and alignment algorithms (28).

As mentioned above, it is essential to define specific 
genomic signatures that can reflect the genomic instability 
of tumor cells. Among the three types of genomic scars 
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Table 1 
Homologous Recombination Deficiency (HRD) score prediction using the six integrated models included in our bioinformatics 
pipeline

Sample ID Sample 
Type

BRCA
status Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 HRD 

Prediction

Training_01 Somatic Negative 0 2 0 0 1 0 Undetermined

Training_02 Somatic Positive 0 0 0 0 0 0 Negative

Training_03 Somatic Negative 0 0 0 0 0 0 Negative

Training_04 Somatic Positive 2 2 2 2 2 2 Positive

Training_05 Somatic Negative 0 0 0 0 0 0 Negative

Training_06 Somatic Positive 1 2 2 2 2 2 Positive

Training_07 Somatic Negative 0 0 0 0 0 0 Negative

Training_08 Germline Positive 0 0 0 0 0 0 Negative

Training_09 Germline Positive 0 0 0 0 0 0 Negative

Training_10 Germline Negative 0 0 0 0 0 0 Negative

Training_11 Germline Positive 0 0 0 0 0 0 Negative

Training_12 Germline Positive 0 0 0 0 0 0 Negative

Training_13 Germline Positive 0 0 0 0 0 0 Negative

Test_01 Somatic NA 0 0 0 0 0 0 Negative

Test_02 Somatic NA 0 1 1 1 1 1 Positive*

Test_03 Somatic NA 0 0 0 0 0 0 Negative

Test_04 Somatic Positive 2 2 2 2 2 2 Positive

Test_05 Somatic Positive 1 2 2 2 2 2 Positive

Test_06 Somatic NA 1 1 1 2 1 1 Positive*

Test_07 Somatic Positive 2 2 2 2 2 2 Positive

Test_08 Somatic Positive 2 2 2 2 2 2 Positive

Test_09 Somatic Positive 2 2 2 2 2 2 Positive

Test_10 Somatic Positive 2 1 2 1 2 2 Positive*

Test_11 Somatic Negative 0 0 0 0 0 0 Negative

Test_12 Somatic Negative 1 0 0 0 0 0 Negative

Test_13 Somatic Positive 0 2 2 2 2 2 Positive

Training samples (n=13) were used to set the thresholds for Homologous Recombination Deficiency (HRD) scoring algorithm. 
Notably, sample ‘training_01’ was intentionally included to evaluate performance in case of undetermined samples in our classifier. 
The three available outcomes calculated by each model are color coded: white cells: negative sample (0); light gray cells: potentially 
positive sample (1); dark gray cells: positive sample (2). 
“NA”: BRCA status not available. 
The Homologous Recombination Deficiency (HRD) prediction (rightmost column) is obtained by combining direct annotation and 
Homologous Recombination Deficiency (HRD) score calculated by means of the ensemble learning method (machine learning 
module) included in our pipeline. When strong evidence of positive Homologous Recombination Deficiency (HRD) score was not 
available, the prediction is reported with a ‘starred’ text (positive*). 
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associated with HRD-tumors (3), namely LSTs, TAI 
and LOH, in this study, we applied and evaluated a 
bioinformatic pipeline based on LST metrics only that has 
shown promising performances, despite the absence of 
TAI and LOH measurements. This scenario analyzed 
13 samples (to train our algorithm) and 13 germline and 
somatic test samples sequenced with sWGS workflow. 
HRD prediction comes from the combination of direct 
annotation and HRD score calculated with a machine 
learning module included in our pipeline. We reported 
“positive” or “negative” patients for HRD in the presence 
of strong evidence; otherwise, the prediction was flagged 
with a star (“positive*”). As shown in Table 1, HRD status 
is reported in association with the models’ predictions, 
confirming how the algorithm performed well in all the 
13 tested samples. Indeed, no “HRD undetermined” 
predictions were reported. In our study, 7 previously 
genotyped subjects as BRCA positive (see Table 1) were 
classified as HRD positive by our bioinformatics pipeline. 
Specifically, 6 cases had strong evidence of positivity. In 
contrast, 1 case was reported as a borderline according 
to the prediction criteria included in our tool, and each 
sample is independently classified according to the level 
of agreement of the 6 build-in independent models. Strong 
evidence is assigned when at least 5 models return the 
same value. So, for the following samples: Test_04, 
Test_7, Test_08 and Test_09, we had strong evidence 
of positivity as the 6 models always assigned “2” as a 
result. Samples Test_05 and Test_13 were collected up 
to 5 times ‘2’ only but still considered strongly positive. 
On the other hand, sample Test_10 has collected 4 times 
‘2’ and 2 times ‘1’; therefore, it has been classified as 
borderline. To classify as negative samples, we must 
collect 5 or more zeros, as for samples Test_03 and 
Test_11. Notably, these 2 patients were BRCA negative.

Moreover, 4 samples with no BRCA information were 
also analyzed with our pipeline. Test_01 and Test_03 
were classified as HRD negative with 6 out 6 zeroes as 
a model outcome. Additionally, our software classified 
Test_02 and Test_06 as borderline as they collected 5 
times ‘1’ as an outcome.  

Finally, there is evidence supporting the possibility 
of studying relevant genomic aberrations starting from 
sWGS protocols (13) that reduce costs in the field 
of molecular diagnostics and allow sequencing of  
low-quality DNA, such as the one deriving from paraffin-
fixed samples. In this scenario, our pipeline is a 
robust, lightweight, and reliable front-runner diagnostic 
strategy tailored to identify genomic instability in a  
BRCA-independent manner. Nevertheless, we are aware 
of the limitations due to the small sample size. Therefore, 
to enforce our pipeline as a putative diagnostic tool, we 
are planning to increase the number of samples and the 
tumor types that should be evaluated with our workflow. 
Furthermore, our efforts are pointed to define a valid 
statistical framework to fully comply with the clinical and 
experimental application of this process. In conclusion, 
despite   some amendable flaws can be recognized, we 
are herein proposing our pipeline as a further diagnostics 
tool for patient’s care in HBOC syndrome.
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