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ABSTRACT

The Homologous Recombination (HR) pathway is crucial for the repair of DNA double-strand
breaks (DSBs) generated during DNA replication. Defects in HR repair have been linked to the
initiation and development of a wide variety of human malignancies, and exploited in
chemical, radiological and targeted therapies. In this study, we performed a personalised
pathway analysis independently for four large sporadic breast cancer cohorts to investigate
the status of HR pathway dysregulation in individual sporadic breast tumours, its associa-
tion with HR repair deficiency and its impact on tumour characteristics. Specifically, we first
manually curated a list of HR genes according to our recent review on this pathway (Liu et al.,
2014), and then applied a personalised pathway analysis method named Pathifier (Drier
et al.,, 2013) on the expression levels of the curated genes to obtain an HR score quantifying
HR pathway dysregulation in individual tumours. Based on the score, we observed a great
diversity in HR dysregulation between and within gene expression-based breast cancer sub-
types, and by using two published HR-defect signatures, we found HR pathway dysregula-
tion reflects HR repair deficiency. Furthermore, we identified a novel association between
HR pathway dysregulation and chromosomal instability (CIN) in sporadic breast cancer.
Although CIN has long been considered as a hallmark of most solid tumours, with recent
extensive studies highlighting its importance in tumour evolution and drug resistance,
the molecular basis of CIN in sporadic cancers remains poorly understood. Our results imply
that HR pathway dysregulation might contribute to CIN in sporadic breast cancer.
© 2015 Federation of European Biochemical Societies. Published by Elsevier B.V. All rights
reserved.
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1. Introduction

Chromosomal instability (CIN), defined as an increased rate of
gain or loss of whole chromosomes or large chromosomal
fragments, is a hallmark of most solid tumours. CIN is the pri-
mary form of genomic instability that is thought to be the ma-
jor cause of genetic heterogeneity in cancer (Burrell et al,
2013b), and is thus strongly implicated in tumour evolution.
CIN also has important clinical implications, as it has been
linked to poor prognosis e.g. by conferring intrinsic multidrug
resistance (Lee et al., 2011). The molecular basis of CIN in he-
reditary cancer is relatively clear, and has been attributed to
mutations in DNA repair genes (Negrini et al., 2010); however,
the underlying mechanisms of CIN in various sporadic can-
cers remain poorly understood. Carter and colleagues devel-
oped a gene expression-based CIN signature, termed CIN25,
based on 25 genes that are most overexpressed in tumours
with CIN (Carter et al., 2006). A considerable number of genes
involved in replication and cell cycle contribute to this signature,
suggesting an important link between these cellular processes
and CIN. This was further corroborated by Negrini et al. (2010),
who proposed a replication stress model to explain CIN in spo-
radic tumours; this model was recently validated in colorectal
cancer (Burrell et al., 2013a).

Highly proliferative cancer cells undergo considerable
replication stress that results in the stalling of replication
forks. These stalled forks are usually stabilised and restarted
after the source of stress is removed via a complex replication
stress response pathway (Zeman and Cimprich, 2014). Lack of
stabilisation and/or the prolonged persistence of a stalled fork
can generate DNA double-strand breaks (DSBs), which are
subsequently repaired by DSB repair machinery to restart
the forks. However, in the absence of such a DSB repair ma-
chinery the DSBs will develop into chromosomal breaks,
resulting in CIN. Homologous recombination (HR) is a crucial
pathway responsible for repairing DSBs during replication.
Using homologous sister chromatid as templates, HR presents
a high-fidelity repair mechanism that is crucial for error-free
DNA replication.

The core components of HR are fairly well established for
their specific roles i.e. monitoring, signalling and repairing of
DSBs (Liu et al., 2014), and HR defects can be detected by inves-
tigating the loss-of-function mutations in these genes. How-
ever, the dysfunction of HR can also be caused by numerous
other mechanisms. For example, changes or defects in chro-
matin remodelling (Price and D’Andrea, 2013; van Attikum
and Gasser, 2009), microRNAs (Chowdhury et al, 2013,
d’Adda di Fagagna, 2014; Sharma and Misteli, 2013), post-
translational modifications such as ubiquitination and
sumoylation (Bekker-Jensen and Mailand, 2011; Dou et al,,
2011; Ulrich, 2012), and inappropriate expression of certain
genes that are not directly involved in HR (Y. Peng et al,
2015; Watkins et al., 2015) can considerably affect HR compo-
nents, thereby causing aberrant HR function. As a conse-
quence, single-gene approaches or approaches focussing on
one mechanism yield only an incomplete picture of abnormal
HR in a given tumour. On the other hand, HR-deficient cells
may compensate for the defect in a given HR gene by altering
the expression level of other HR genes (Pitroda et al., 2014).

The most notable example is the overexpression of DNA
repair protein RAD51 homolog 1 (RAD51), which is observed
when breast cancer susceptibility gene 1 (BRCA1) (Martin
et al., 2007), breast cancer susceptibility gene 2 (BRCA2)
(Brown and Holt, 2009) or other key HR genes (Takata et al,,
2001) are defective. It is therefore of interest to determine a
measure of HR pathway dysregulation, aggregating the expres-
sion of all HR genes, which may reflect HR repair deficiency in
tumours regardless of the mechanism that has led to the
deficiency.

The vast majority of breast tumours are sporadic, account-
ing for 90%—95% of all diagnosed breast cancer cases (Davis,
2011) and are characterised by their great heterogeneity in bio-
logical property and patient outcome. To dissect this hetero-
geneity, estrogen receptor (ER), progesterone receptor (PR)
and human epidermal growth factor receptor 2 (HER2) have
been used as standardised diagnostic markers in clinical prac-
tice to guide the choice of treatment. Gene-expression
profiling has defined five intrinsic subtypes (also known as
PAMSO0 subtypes) with clinical relevance: Luminal A, Luminal
B, Basal-like, HER2 and Normal-like (Hu et al., 2006; Parker
et al., 2009; Perou et al., 2000; Sgrlie et al., 2001). More-recent
genomic studies, notably from the Cancer Genome Atlas
(TCGA) and Molecular Taxonomy of Breast Cancer Interna-
tional Consortium (METABRIC), have uncovered substantial
heterogeneities within these receptor- or gene expression-
based subtypes, resulting in the definition of up to ten sub-
types (Ciriello et al., 2013; Curtis et al., 2012; Koboldt et al.,
2012; Lehmann et al., 2011; Yanagawa et al., 2012). However,
it is likely that heterogeneity exists even within these newly
established subtypes. In the coming age of personalised med-
icine, each tumour may be analysed individually.

Pathway analysis has become the first choice to gain func-
tional insights from expression data, beyond the detection of
differential genes. Numerous pathway analysis tools have
been developed; however, most of them are designed for
providing pathway dysregulation information at population
level instead of tumour level. Among the recently proposed
methods for personalised pathways analysis (Ahn et al.,
2014; Drier et al., 2013; Vaske et al, 2010; Wang et al,
2015a,b), Pathifier (Drier et al., 2013) has proven to be particu-
larly robust. It has been successfully applied to provide a
pathway-based classification of breast cancer (Livshits et al.,
2015), and when combined with Cox regression and L1 penal-
ised estimation, has achieved better prognosis prediction
compared with gene-based models (Huang et al., 2014).

In this study, we sought to perform a personalised pathway
analysis to obtain a comprehensive understanding of the sta-
tus of HR pathway dysregulation in individual sporadic breast
tumours, its association with HR repair deficiency and its
impact on tumour characteristics (CIN in this case). To this
end, we calculated for each breast tumour an HR score that
quantified the extent of HR pathway dysregulation in that
tumour. Based on the score, we observed a great diversity in
HR dysregulation between and within the PAMS50 subtypes,
and by using two published HR-defect signatures, we found
HR pathway dysregulation reflects HR repair deficiency.
More importantly, we uncovered a novel association between
HR dysregulation and CIN, which indicates that dysregulated
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HR might contribute to replication stress-induced CIN in
breast cancer. This knowledge may help future studies to
identify the causative factors of CIN in sporadic breast cancer
as well as in other cancer types.

2. Materials and methods
2.1. Genomic data

Whole-genome gene-expression data, DNA copy-number
data, gene mutation data (only available for the TCGA sam-
ples) and related clinical data for four breast cancer cohorts
(Table 1) were obtained from METABRIC (Curtis et al., 2012)
and TCGA (Koboldt et al., 2012).

Gene-expression data and chromosomal-level DNA copy-
number data from the METABRIC project (Genome-phenome
Archive accession number EGAS00000000083) were made
available upon request, and had already been preprocessed
as described by Curtis et al. (Curtis et al., 2012). Gene-
expression data from this project were based on the Illumina
HT-12 v3 Expression Beadchip (Illumina, San Diego, CA, USA).
The probe-level transcription estimates were mapped to gene-
level estimates using the HT-12 v3 annotation file downloaded
from the Illumina website (http://www.illumina.com/). Where
two or more probes represented the same gene, the probe with
the largest variation was chosen as the gene representative.
DNA copy-number data from METABRIC had been generated
using Affymetrix SNP 6.0 arrays (Affymetrix, Santa Clara,
CA, USA). The corresponding PAM50 subtype assignment
and clinical outcome were obtained from (Curtis et al., 2012).

The preprocessed gene-expression and DNA copy-number
data (both chromosome-level and gene-level) for the TCGA
RNA-seq cohort were downloaded via the UCSC Cancer Geno-
(https://genome-cancer.ucsc.edu/) on 13
October 2014. Gene-expression data for this cohort were
measured using the Illumina HiSeq 2000 RNA Sequencing
platform, and show the Expectation Maximization (RSEM)-
normalised and percentile-ranked gene-level transcription es-
timates. DNA copy-number data for this cohort had been
generated using Affymetrix SNA 6.0 arrays, with germline
copy-number variation filtered out. PAMSO0 classifications for
this cohort were obtained through personal communication
with the TCGA consortium. A subset of these 1068 cases also
has gene-expression data obtained from microarray. The
Level 3 gene-expression data for this TCGA Microarray cohort
and the corresponding PAMS50 classifications were down-
loaded from the TCGA data portal publication site (https://

mics Browser

tcga-data.nci.nih.gov/docs/publications/brca_2012/) on 3
June 2014. These gene-expression data were based on Agilent
custom 244K whole-genome microarrays and had been pre-
processed as described by Koboldt et al. (Koboldt et al., 2012).
DNA copy-number data for this cohort were obtained as a sub-
set of the TCGA RNA-seq cohort, as the samples of the former
cohort were covered by the later cohort.

The preprocessed gene mutation data for 982 TCGA sam-
ples, generated on an Illumina GA system, were downloaded
via the UCSC Cancer Genomics Browser (https://genome-can-
cer.ucsc.edu/) on 6 July 2015. Each gene had been assigned a
value of 1 or O, indicating whether a non-silent mutation
was identified in the coding region of that gene (value = 1)
or not (value = 0). These data were matched to the two
TCGA cohorts respectively according to the sample ID.

2.2. HR pathway curation and calculation of HR score

Based on our recent review of the HR pathway (Liu et al., 2014),
we manually curated a list of 82 genes with direct relevance to
HR (Supplementary Table S1). We then applied Pathifier (Drier
et al., 2013) to the mRNA expression level of the curated HR
genes to calculate an HR score that quantifies HR pathway
dysregulation in individual breast tumours. Based on gene-
expression profiles for tumours and normal breast tissues,
Pathifier transforms HR gene-expression measurements into
a measure of HR pathway dysregulation by fitting a principal
curve (see Supplementary Figure S1 for a visualisation of the
curve) that captures the maximal variability of the expression
levels of the HR genes in all samples, and then projects each
sample onto that curve. A sample’s HR score is defined as its
distance along the curve from the centroid of the normal tis-
sues (Drier et al., 2013).

Not all HR genes we curated were present in the gene-
expression data for each of the four cohorts. We therefore
calculated the HR score for each cohort based only on HR
genes that are available for that cohort (ranges from 67 to
72, see Supplementary Table S1). No other ways for selecting
HR genes were examined to minimize retrospective optimiza-
tion for the correlations with CIN (see below).

2.3. CIN measurements calculation

The numbers of chromosomal breakpoints and the propor-
tions of the genome affected by copy-number change
(Genomic Instability Index, GII) for samples in the two META-
BRIC cohorts were downloaded from a recent study (Vollan
et al,, 2015) in which the METABRIC Group was involved.

Table 1 — Breast cancer cohorts analysed in this study.

Cohort No. of tumour samples No. of normal breast tissues
All Basal-like HER2 LumA LumB Normal-like

METABRIC Discovery 997 118 87 466 268 58 144

METABRIC Validation 995 213 153 255 224 144 144

TCGA RNA-seq 1068 188 80 549 213 38 113

TCGA Microarray 522 98 58 231 127 8 22
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According to this study, a few samples with mismatched
DNA/RNA were identified and excluded, resulting in 985 sam-
ples remaining in the Discovery cohort and 965 in the Valida-
tion cohort. To get the number of amplified/deleted genes for
the same samples, we first calculated the copy number of each
gene using the chromosomal-level DNA copy-number data
available for the two cohorts, then applied cut-offs (>0.10 for
amplified genes and <-0.15 for deleted genes) that are similar
to those used by METABRIC to define chromosomal regions
with amplifications or deletions.

For the two TCGA cohorts, we used the chromosomal-level
DNA copy-number data to calculate number of breaks by
counting the total number of chromosomal segments at least
1 kb in length. The calculation of GII was also based on the
chromosomal-level DNA copy-number data after filtering
out segments shorter than 1 kb, and the same cut-offs as
mentioned above (>0.10 for amplification and <-0.15 for dele-
tion) were used to identify chromosomal regions with copy-
number change. The number of amplified/deleted genes for
each of the two TCGA cohorts was obtained from the down-
loaded gene-level DNA copy-number data, where +1 and +2
represent amplification and —1 and —2 represent deletion.

2.4. Survival analysis

Survival analysis for both of the METABRIC datasets was per-
formed using the R package survival (http://cran.r-project.org/
web/packages/survival/index.html). Patient follow-up time
was limited to 15 years, and only breast cancer-related deaths
were counted.

3. Results

3.1. An HR score for quantifying HR pathway
dysregulation in individual breast tumours

An HR score was developed for each breast tumour to quantify
HR pathway dysregulation in that tumour; a high HR score
means that the expression of the HR genes as a whole in an in-
dividual tumour is very different from the situation in normal
breast tissues (see Supplementary Figure S2 for HR gene
expression in tumours with low to high HR score). To calculate
this score, we first manually curated a list of 82 HR genes
(Supplementary Table S1) according to our recent review on
the HR pathway (Liu et al., 2014). This gene list provides
more up-to-date knowledge about the content of HR
compared to publicly available pathway databases; for
instance, it catalogues 54 more genes than the HR pathway
in the Kyoto Encyclopedia of Genes and Genomes (KEGG) data-
base (Kanehisa and Goto, 2000). The expression profiles of the
curated HR genes were then employed as input to the Pathifier
method (Drier et al., 2013) to compute the score. To ensure
reproducibility of the results, we performed this pathway
analysis independently for four large breast cancer cohorts
that also include data on normal breast tissues (Table 1).
Depending on data availability, the number of HR genes for
calculating the score is slightly different across the cohorts
(Supplementary Table S1).

The boxplots in Figure 1 display the HR score distribution
in each cohort with regard to the PAM50 molecular sub-
types, and in normal breast tissues. We observed a consis-
tent pattern across the four cohorts: basal-like tumours
generally have the highest HR score, followed by HER2 and
Luminal B tumours, and then Luminal A and Normal-like tu-
mours; the normal breast tissues always have the lowest HR
score as a consequence of being the benchmark. Similar re-
sults can be seen in Supplementary Figure S3 showing HR
score versus the HR score-based rank of the tumours of
different subtypes. The consistent distribution of the HR
score by tumour subtype across the different cohorts and
gene-expression profiling platforms (RNA-seq and microar-
ray in TCGA) is strong evidence that the HR score is robust
and reproducible. Interestingly, we observed some vari-
ability in HR score within tumours of the same subtype, as
highlighted by some outliers in the boxplots, suggesting
some heterogeneity in HR pathway dysregulation within
the subtypes.

3.2.  The HR score is reflective of HR repair deficiency

The HR score is gene expression-based, and measures the
extent to which the HR pathway is dysregulated. To test
whether there exists an association between HR pathway
dysregulation and HR repair deficiency, we next asked
whether the HR score is reflective of HR repair deficiency
(i.e., whether a tumour with high HR score is likely to be
HR-defective). We used two published HR-defect signatures,
Homologous Recombination Defect (HRD) (G. Peng et al,
2014) and Large-scale transitions (LSTs) (Popova et al., 2012),
to test this hypothesis.

3.2.1. Comparison with the HRD signature

The HRD signature encompasses 230 genes that are differen-
tially expressed between HR-intact and HR-deficient cells,
and is intended to represent the global impact of HR defect
on the transcriptome of a tumour cell (G. Peng et al., 2014).
To identify tumours (or cell lines) with HR deficiency, Peng
et al. performed a hierarchical clustering analysis based on
the expression level of the 230 genes to divide samples into
two clusters, one considered as HR-intact and the other HR-
deficient (G. Peng et al., 2014).

In this study, we performed the same clustering analysis
for each of the four cohorts (Figure 2A for the METABRIC Dis-
covery cohort and Supplementary Figures S4—S6 for the three
remaining cohorts). As shown in Figure 2A, tumours with low
HR score (upper horizontal bar, green) are mostly tumours
belonging to the HR-intact cluster, whereas tumours with
high HR score (upper horizontal bar, red) are mostly tumours
belonging to the HR-deficient cluster. To be more precise,
Figure 2B shows the distribution of the HR score in the two
HRD-based clusters for each of the four cohorts, demon-
strating that tumours in the HR-deficient cluster in general
have significantly higher HR score compared with tumours
in the HR-intact cluster (p-values <9.1e-63, Wilcoxon rank-
sum test). These observations indicate that tumours with
high HR scores are likely to be HR-defective, as predicted by
the HRD signature.
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Figure 1 — Distribution of the HR score across the PAMS50 subtypes and normal breast tissues (in green) for the four cohorts.

3.2.2.  Comparison with the LST signature

LST refers to a chromosomal break whose flanking regions are
at least 10 Mb in size. A tumour with a large number of LSTs
indicates HR defect-related genomic scarring as a measure
of chromosomal instability (Popova et al., 2012). In this study,
we estimated the number of LSTs for each tumour using the
DNA copy-number data, and divided each cohort into two
groups according to the method and cut-offs described in
(Popova et al., 2012): LST" (>20 LSTs) and LST~ (<20 LSTs).
The numbers of LST* and LST~ tumours identified in each
cohort are summarised in Supplementary Table S2. As in the
comparison with the HRD signature, we found that LST™ tu-
mours generally have higher HR scores compared with LST~
tumours, even in the case of the METABRIC Discovery cohort
where only nine LST' tumours were identified (Figure 3).
This observation also supports the idea that the HR score is
indicative of HR defect.

Taken together, the results based on HRD and on LST
demonstrate an association between HR pathway dysregula-
tion, as represented by the HR score, and HR repair deficiency.
In addition, in the two TCGA cohorts for which gene mutation
data are available, we also observe that tumours with at least
one non-synonymous mutation in one of six key HR genes
have significantly higher HR score than do the tumours with
no mutation in any of these genes (see Supplementary
Figure S7 for more details). All these results support the exis-
tence of a compensatory mechanism through which HR-
deficient cells respond to their HR defect by altering the
expression level of HR genes. Interestingly, it has been pro-
posed that melanoma cells exploit the overexpression of
DNA repair genes, particular those involved in DSB repair, to
increase their DNA repair capacity that is necessary for
them to invade and give rise to distant metastases (Sarasin
and Kauffmann, 2008). Consistent with this, overexpression

of certain DNA repair genes is utilised by polyploid cells to
overcome replication stress-induced senescence barriers
(Zheng et al., 2012). All these results indicate that altering
the expression of DNA repair genes or pathways may be a
compensatory mechanism commonly exploited by tumour
cells.

3.3. Association with CIN

Because replication stress has emerged as a common source
of CIN in caner, and HR is the crucial pathway for the repair
of replication stress-induced DSBs, we hypothesised that
there might be a link between HR pathway dysregulation,
which is indicative of HR repair deficiency as described above,
and the degree of CIN in breast carcinomas. To test this hy-
pothesis, we first examined the correlation between the HR
score and the widely used CIN signature CIN25 (Carter et al,,
2006). We then investigated the association between the HR
score and each of the three common CIN measurements:
number of chromosomal breakpoints, fraction of the genome
with copy-number alterations (genomic instability index, GII),
and number of amplified/deleted genes. In particular, as data
pre-processing and segregation algorithms can significantly
affect the actual value of the CIN measurements, we down-
loaded the numbers of chromosomal breaks and GII for the
two METABRIC cohorts from a recent publication (Vollan
et al., 2015). We believe these measures from a third-party
study provide more-objective results for our analysis.

3.3.1. Association with CIN25

Figure 4 displays a scatter plot between the CIN25 score,
defined as the mean expression value of the CIN25 genes
(Carter et al., 2006), and the HR score for tumours from each
of the four cohorts. Each cohort showed a high correlation
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between the CIN25 score and the HR score (Spearman correla-
tion coefficient r = 0.94 and r = 0.93 for the two METABRIC co-
horts, and r = 0.85 and r = 0.96 for the two TCGA cohorts),
indicating that the HR score is also correlated with CIN level.
Moreover we found ten of the CIN25 genes (40%) to be present
among the 230 genes of the HRD signature mentioned in Sec-
tion 2.1, which indicates that HR defects might be one of the
underlying biological mechanisms responsible for the expres-
sion change of the CIN25 genes.

Overall, these results revealed that the HR score correlates
with the CIN25 score, and support the hypothesis that there
exists an association between HR pathway dysregulation, as
represented by the HR score, and CIN level in tumours, as pre-
dicted by the CIN25 score.

3.3.2.  Association with three common CIN measurements

Because the CIN25 score only indirectly estimates CIN level in
tumours, we also directly assessed the relationship between
the HR score and each of the three common CIN measures
(breakpoints, GII and number of amplified/deleted genes).
We asked whether tumours with higher HR score tend to

have a higher CIN level. To address this, we divided tumours
into four equal-sized groups based on the HR score quartiles,
and statistically examined the differences between adjacent
groups for each of the three CIN measurements. The boxplots
in Figure 5 (METABRIC Discovery cohort) show a high vari-
ability in each HR score quartile group for each CIN measure-
ment, indicating that other mechanisms can also affect CIN.
However, we observed a clear pattern that tumours with
higher HR score indeed tend to have higher CIN level (Wil-
coxon rank-sum test, one sided FDR p-value <0.05), with the
exception of tumours in the third and fourth quartile groups
in GII. Similar results were obtained for the remaining three
cohorts (Supplementary Figures S8—510). Overall, these re-
sults suggest an association between the extent of HR
pathway dysregulation and the degree of CIN level in breast
carcinomas.

As the HR score is based on gene expression, to ascertain
whether the association observed above is due to the gene
expression-based PAM50 subtypes, we performed the same
analysis independently on tumours within each PAMS50 sub-
type. In each analysis, the samples were divided into high


http://dx.doi.org/10.1016/j.molonc.2015.09.007
http://dx.doi.org/10.1016/j.molonc.2015.09.007
http://dx.doi.org/10.1016/j.molonc.2015.09.007

MOLECULAR ONCOLOGY 10 (2016) 179-193

185

METABRIC Discovery

1.0- .
(0] =0.028
o 08 g
]
=
I
0.4-
LST+ LST-
TCGA RNA-seq
1.0-
o p=24e-17
o 0.8-
o
D 56-
= —
L o4
0.2- : :
LST+ LST-

METABRIC Validation

1.007 p = 1.4e-07
o
o 0.75-
@
% 05 —
L 0.25-
LST* LST-
TCGA Microarray
1.00- +
o p=7e-12
O 0.75-
(&)
(/7]
o 0.50- -
I [ )
0.25-
LST+ LST-

Tumour Type

Figure 3 — Distribution of the HR score in LST* tumours and LST~

p-values were obtained using a Wilcoxon rank-sum test.

tumours for each of the four cohorts. Colour represents LST status. The

and low HR score groups according to the median. The results
for the METABRIC Discovery cohort are summarised in
Figure 6. For this cohort we consistently observed that tu-
mours in the high HR score group have more breakpoints
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amplified/deleted genes between the two groups was signifi-
cant in all subtypes except HER2. For the other cohorts
(Supplementary Figures S11-S13) we observed some differ-
ences between cohorts. For example, in the METABRIC Valida-
tion cohort, all three CIN measurements are significantly
different between the two HR score groups for all subtypes,
whereas the difference is significant in fewer subtypes in the
TCGA Microarray cohort. These discrepancies might be due
to low sample size in the TCGA Microarray cohort (e.g. there
are only eight samples in its Normal-like subtype). Apart
from these possible exceptions, the above results support
the hypothesis that tumours with more-deregulated HR
pathway are likely to have a higher degree of CIN, and
this relationship can still be detected within the gene
expression-based PAMS50 subtypes.

3.3.3.  Association between the CIN measurements and other
pathways
The scatter plots in Figure 5 (METABRIC Discovery cohort)
show that the HR score is moderately correlated with each of
the three CIN measurements (breakpoints r = 0.60, GII
r = 0.39 and number of amplified/deleted genes r = 0.48). These
moderate correlations are not surprising, given that we do not
consider aberrant HR as the only mechanism that contributes
to CIN. In this section we investigated whether there are other
pathways whose dysregulation also correlates with CIN, and
whether these moderate correlations are far from random.
We computed a score for each of the 186 KEGG pathways
(Kanehisa and Goto, 2000) and for 674 Reactome pathways
(Croft et al., 2010), using the same approach as for the HR
score. Spearman correlation coefficients between these scores
and each of the three CIN measures were recorded and
compared against the respective correlations between the
HR score and the three CIN measurements. Figure 7 shows
the results for the METABRIC Discovery cohort (KEGG path-
ways are in green and Reactome pathways in blue; similar re-
sults for the other three cohorts are in Supplementary Figures
S14—516). We found only a few KEGG or Reactome pathways
whose dysregulation showed a similar level of correlation
with CIN as did the HR pathway. For example, only four
(2.2%) KEGG pathways (cell cycle, oocyte meiosis,
progesterone-mediated oocyte maturation and p53 signalling)
were more strongly associated with number of breakpoints
than with the HR pathway (r = 0.61 — 0.63 compared to
r = 0.60 for the HR pathway in Figure 7). Moreover, the strong
associations of the oocyte meiosis, progesterone-mediated
oocyte maturation and p53 signalling pathways with number
of breakpoints is mainly due to their considerable overlap in
gene content with the KEGG cell cycle pathway: 37%, 34%
and 36% genes from each of these three pathways are also pre-
sent in the cell cycle pathway (Supplementary Table S3). In
contrast, only two HR genes are present in the cell cycle
pathway. After removing the overlapping genes, association
levels between each of these three pathways with number of
breakpoints significantly decreased (results not shown). Simi-
larly, although there were 24 (3.6%) Reactome pathways
whose dysregulation showed a similar level of correlation
with CIN as did the HR pathway, 18 of these are either the
cell cycle pathway or its sub-pathways (Supplementary
Table S4).

As the KEGG and Reactome pathways do not cover all genes
measured in the whole-genome gene-expression profiling data
analysed in this study, we also constructed 1000 “Random”
pathways for each cohort to calculate an empirical p-value for
the association between the HR score and each of the three
CIN measurements. Each Random pathway is of the same
length as HR but is composed of genes randomly selected
from the gene-expression profiling data, excluding those from
HR and cell cycle pathways. Similar to the KEGG pathways ana-
lysed above, we computed a score for each Random pathway,
and compared the correlation coefficients with the three CIN
measures against those for the HR score. As shown in
Figure 7, only a few Random pathways (in pink) showed a level
of association with CIN similar to that of the HR pathway, as
indicated by the empirical p-values. Similar results for the other
three cohorts were obtained (Supplementary Figures S14—S16).

Overall, these results indicate that the CIN level in tumours
is associated with the dysregulation of only a limited number
of pathways (e.g., the cell cycle pathway), and that the corre-
lation between HR and CIN is far from being random.

3.4. Association with survival in ER" tumours

The two METABRIC cohorts are annotated with disease-
specific survival data that are lacking for the two TCGA co-
horts. We thus tested whether the HR score can predict patient
survival in the two METABRIC cohorts. Figure 8 shows
Kaplan—Maier plots for patients with ER" tumours from the
METABRIC Discovery (n = 699; follow-up time <15 years) and
validation cohorts (n = 582; follow-up time <15 years). For
each cohort, patients were divided into high and low HR score
groups based on the median HR score. For both cohorts, we
observed a significant difference in patient survival between
the two HR score groups with ER™ tumours (Figure 8; Cox pro-
portional hazards regression test p-value = 8.4e-04 and 3.9e-
09 for the two cohorts, respectively). However, we observed
no significant difference in survival between the two HR score
groups for patients with ER™ tumours (data not shown). As an
association between CIN and prognosis in ER* tumours has
already been documented (Przybytkowski et al., 2014; Smid
et al.,, 2011), and after control for the number of chromosomal
breaks there is no significant difference in survival between
the two HR score-based groups (result not shown), we infer
that the prognostic value of the HR score in ER" tumours is
due to the association between the HR score and CIN.

4. Discussion

Multiple molecular mechanisms have been associated with
the origin of CIN in cancer, including replication stress, telo-
mere dysfunction, aberrant DNA repair and various defects
in chromosome segregation (reviewed in Abbas et al.,, 2013;
Aguilera and Garcia-Muse, 2013; Negrini et al, 2010;
Thompson et al., 2010). Although CIN can be experimentally
induced by exploiting any of these mechanisms, replication
stress has been recently identified as the first recurrent ge-
netic defect associated with CIN in colorectal cancer (Burrell
etal., 2013a). In this scenario, CIN is induced during DNA repli-
cation in fast-dividing tumour cells, giving rise to frequent
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stalling of replication forks. Consequently, HR as the primary
pathway for repair of the resultant DSBs during replication be-
comes overworked, and if HR is dysfunctional the frequency
of replication stress-induced CIN is likely to increase dramat-
ically. Here we have shown that HR dysregulation as
measured by the HR score, which is indicative of aberrant
HRrepair, is prevalent in sporadic breast cancer and correlates

with the level of CIN. We thus propose that HR dysregulation
might contribute to replication stress-induced CIN at least in
sporadic breast cancer. Consistent with this view, overexpres-
sion of the key HR gene RAD51, which is commonly seen in
breast cancer as well as other cancer types, promotes chromo-
somal instability (Richardson et al., 2004), and two other crit-
ical HR genes, BRCA1 and BRCA2, were recently proposed as
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chromosome custodians mainly due to their role in HR
(Venkitaraman, 2014a, b).

Dysfunction of the HR pathway, although not the primary
cause, may increase the level of replication stress-induced
CIN in several ways. Firstly, it can cause inefficient repair of
DSBs, resulting in an accumulation of chromosomal breaks.
Secondly, by triggering error-prone repair pathways including
canonical non-homologous end-joining (C-NHE]) and alterna-
tive non-homologous end-joining (Alt-NHE], also called
microhomology-mediated end joining (MMEJ)), HR dysfunc-
tion can lead to translocations, translocation-related chromo-
somal breaks and DNA copy-number changes. Specifically, in
contrast to HR that requires homologous sequence to guide
repair, C-NHE] and Alt-NHE] mediate the repair by a direct
ligation of the break ends after more-or-less end processing,
and so do not ensure that the broken DNA strands are re-
joined in the correct position. These two low-fidelity pathways
come to repair DSBs generated during DNA replication when
HR is deficient, resulting in translocation as well as
translocation-related chromosomal breaks (Alexandrov
et al., 2013; Bunting and Nussenzweig, 2013; Ottaviani et al.,,
2014; Villarreal et al.,, 2012). Moreover, gene copy number
changes also arise when the repair of broken replication forks
switched from HR to the two NHE]s, especially Alt-NHE]J
(Hastings et al., 2009);

A third way in which HR pathway dysfunction can in-
crease replication stress-induced CIN is by affecting mitosis
and the proper functioning of telomeres. HR defects and the
consequent slow progression of replication forks can elicit al-
terations of mitosis, which highlights the importance of HR at
the interface of these two processes for protection against
CIN (Wilhelm et al., 2014). In addition, DSB repair is shut
down during the M phase to avoid telomere fusion and as a
consequence, mitosis will continue even in the presence of
DSBs or fragmented chromosomes, giving rise to CIN
(Orthwein et al., 2014). This emphasises the importance of
DSB repair during DNA replication, especially given the pres-
ence of DSBs that result from replication stress. HR defects
caused by BRCA2 mutations could also lead to telomere
dysfunction, a mechanism that has been proposed to explain,
in part, the chromosomal instability observed in BRCA2-defi-
cient tumours (Badie et al., 2010). Taken together, HR
dysfunction can increase CIN via diverse mechanisms, and
the association revealed in this study between HR dysregula-
tion and CIN (Figures 4—6) indicates that dysregulated HR
might contribute to the CIN observed in highly replicative
tumours.

The study of CIN in breast cancer has attracted immense
interest in recent years following the recognition of its clin-
ical relevance in disease heterogeneity, drug resistance and
patient response (A’Hern et al., 2013; Birkbak et al., 2011;
Endesfelder et al., 2014; Habermann et al.,, 2009; Roylance
et al., 2011; Sansregret and Nepveu, 2011; Swanton et al.,
2009; Vincent-Salomon et al., 2013); reviewed by (Wiechec,
2011). CIN induces evolution in tumours, providing the het-
erogeneity from which aggressive and/or drug-resistant
tumour clones are selectively established. CIN aids tumour
development by amplifying genomic regions containing on-
cogenes and deleting regions containing tumour-suppressor
genes, thereby significantly influencing treatment response

and survival in patients. Our results further strengthen
this connection by associating dysregulated HR with the
extent of amplified/deleted genes and regions of the chro-
mosome, and by showing that ER* tumours with high HR
score or CIN levels display significantly poorer prognosis
(Figure 8).

A measure of HR dysregulation such as the one adopted
here can be extremely valuable to guide therapeutic op-
tions. The observation that cancer cells deficient in HR are
profoundly sensitive to PARP inhibitors (Bryant et al., 2005;
Farmer et al., 2005) has already led to the development of
targeted PARP therapies for sporadic breast and ovarian
cancers with defects in core HR genes such as BRCA1 and
BRCA2, a condition termed as “BRCAness” (Turner et al,
2004). PARP is an important protein family whose members
function in restarting stalled replication forks and diverting
DSBs to HR-mediated repair. It has been proposed that accu-
mulated chromosomal instability arising from the
continued stalling of replication forks, accompanied by defi-
ciency in repairing DSBs and thereby triggering a genomic
catastrophe, may explain how PARP inhibition kills HR-
deficient cancer cells (Bryant et al., 2005; Farmer et al,
2005). Although focussing on a mechanistic explanation
for PARP-based cancer therapy, these models indirectly sug-
gest an underlying relationship among replicative stress,
dysfunctional HR and the accumulation of chromosomal
instability.

In conclusion, we performed a personalised pathway anal-
ysis by calculating an HR score that quantifies HR pathway
dysregulation in individual breast tumours, with the behav-
iour of HR in normal breast tissues serving as a benchmark.
Our results are reproducible across four large breast cancer
cohorts (~3000 tumours in total). We found HR is dysregu-
lated to various extents between and within the gene
expression-based PAM50 subtypes, which may reflect their
HR repair deficiency. More importantly, we uncovered a novel
association between HR dysregulation and CIN. Although HR
has a well-known role in maintaining genomic integrity, this
work is the first large-scale study to assess the correlation be-
tween HR dysregulation and CIN in sporadic breast cancer. As
such our results will be useful for future studies that aim to
identify causative factors of CIN in sporadic breast cancer as
well as in other cancer types.
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