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Abstract

The Homologous Recombination (HR) pathway is ciluta the repair of DNA
double-strand breaks (DSBs) generated during DNoAoation. Defects in HR repair have
been linked to the initiation and development afide variety of human malignancies, and
exploited in chemical, radiological and targetedréipies. In this study, we performed a
personalised pathway analysis independently for flange sporadic breast cancer cohorts to
investigate the status of HR pathway dysregulatioimdividual sporadic breast tumours, its
association with HR repair deficiency and its impaa tumour characteristics. Specifically,
we first manually curated a list of HR genes actwdo our recent review on this pathway
(Liu et al., 2014), and then applied a personalsaitiway analysis method named Pathifier
(Drier et al., 2013) on the expression levels & thurated genes to obtain BR score
guantifying HR pathway dysregulation in individuaimours. Based on the score, we
observed a great diversity in HR dysregulation leetwand within gene expression-based
breast cancer subtypes, and by using two publisttiRedefect signatures, we found HR
pathway dysregulation reflects HR repair deficienByurthermore, we identified a novel
association between HR pathway dysregulation annobsomal instability (CIN) in
sporadic breast cancer. Although CIN has long lmessidered as a hallmark of most solid
tumours, with recent extensive studies highlightitsgimportance in tumour evolution and
drug resistance, the molecular basis of CIN in a&piar cancers remains poorly understood.
Our results imply that HR pathway dysregulation migontribute to CIN in sporadic breast

cancer.

Keywords: DNA repair; homologous recombination; breast cancer; chromosomal instability;
pathway analysis
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Introduction

Chromosomal instability (CIN), defined as an insegh rate of gain or loss of whole
chromosomes or large chromosomal fragments, idliaduk of most solid tumours. CIN is
the primary form of genomic instability that is tight to be the major cause of genetic
heterogeneity in cancer (Burrell et al., 2013b)d & thus strongly implicated in tumour
evolution. CIN also has important clinical implicats, as it has been linked to poor
prognosis e.g. by conferring intrinsic multidrugistance (Lee et al., 2011). The molecular
basis of CIN in hereditary cancer is relativelyaclevhich has been attributed to mutations in
DNA repair genes (Negrini et al.,, 2010); howevée underlying mechanisms of CIN in
various sporadic cancers remain poorly understGadter and colleagues developed a gene
expression-based CIN signature, termed CIN25, based25 genes that are most
overexpressed in tumours with CIN (Carter et a800&). A considerable number of genes
involved inreplication andcell cycle contribute to this signature, suggesting an ingrart
link between these cellular processes and CIN. Wais further corroborated by Negrini et
al. (2010), who proposedraplication stress model to explain CIN in sporadic tumours; this
model was recently validated in colorectal canBaer(ell et al., 2013a).

Highly proliferative cancer cells undergo considideareplication stress that results in
the stalling of replication forks. These stalledkbare usually stabilised and restarted after
the source of stress is removed via a complexa&n stress response pathway (Zeman
and Cimprich, 2014). Lack of stabilisation and/foe prolonged persistence of a stalled fork
can generate DNA double-strand breaks (DSBs), wharehsubsequently repaired by DSB
repair machinery to restart the forks. However,thie absence of such a DSB repair
machinery the DSBs will develop into chromosomadatis, resulting in CINHomologous
recombination (HR) is a crucial pathway responsible for rep@ridSBs during replication.
Using homologous sister chromatid as templates, ptBsents a high-fidelity repair
mechanism that is crucial for error-free DNA reation.

The core components of HR are fairly well estalddsHor their specific roles i.e.
monitoring, signalling and repairing of DSBs (Lia &., 2014), and HR defects can be
detected by investigating the loss-of-function miotes in these genes. However, the
dysfunction of HR can also be caused by numerdusr shechanisms. For example, changes
or defects in chromatin remodelling (Price and @Aga, 2013; van Attikum and Gasser,
2009), microRNAs (Chowdhury et al., 2013; d'Addadpgagna, 2014; Sharma and Misteli,
2013), post-translational modifications such asquitination and sumoylation (Bekker-
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Jensen and Mailand, 2011; Dou et al., 2011; Ulr&d1,2), and inappropriate expression of
certain genes that are not directly involved in ffRPeng et al., 2015; Watkins et al., 2015)
can considerably affect HR components, thereby icguaberrant HR function. As a
consequence, single-gene approaches or approamhiesng on one mechanism yield only
an incomplete picture of abnormal HR in a given dum On the other hand, HR-deficient
cells may compensate for the defect in a given ldRegoy altering the expression level of
other HR genes (Pitroda et al., 2014). The mostbietexample is the overexpression of
DNA repair protein RAD51 homolog 1RAD51), which is observed when breast cancer
susceptibility gene 1BRCA1) (Martin et al., 2007)breast cancer susceptibility gene 2
(BRCA2) (Brown and Holt, 2009) or other key HR genes (Talattal., 2001) are defective.
It is therefore of interest to determine a measifrelR pathway dysregulation, aggregating
the expression of all HR genes, which may refleRtrdpair deficiency in tumours regardless
of the mechanism that has led to the deficiency.

The vast majority of breast tumours are sporadigclvaccounts for 90%-95% of all
diagnosed breast cancer cases (Davis, 2011) andclaaeacterised by their great
heterogeneity in biological property and patientcome. To dissect this heterogeneity,
estrogen receptor (ER), progesterone receptor @id) human epidermal growth factor
receptor 2 (HER2) have been used as standardiagdatitic markers in clinical practice to
guide the choice of treatment. Gene expressionlipgphas defined five intrinsic subtypes
(also known as PAM50 subtypes) with clinical reles& Luminal A, Luminal B, Basal-like,
HER2 and Normal-like (Hu et al., 2006; Parker et 2009; Perou et al., 2000; Sarlie et al.,
2001). More-recent genomic studies, notably from @ancer Genome Atlas (TCGA) and
Molecular Taxonomy of Breast Cancer Internationangbrtium (METABRIC), have
uncovered substantial heterogeneities within thesgeptor- or gene expression-based
subtypes, resulting in the definition of up to wrbtypes (Ciriello et al., 2013; Curtis et al.,
2012; Koboldt et al., 2012; Lehmann et al., 201anagawa et al., 2012). However, it is
likely that heterogeneity exists even within thessvly established subtypes. In the coming
age of personalised medicine, each tumour may algsed individually.

Pathway analysis has become the first choice tm @anctional insights from
expression data, beyond the detection of diffeaégnes. Numerous pathway analysis tools
have been developed, however, most of them aregrissi for providing pathway
dysregulation information at population level irsteof tumour level. Among the recently
proposed methods for personalised pathways angWkis et al., 2014; Drier et al., 2013;
Vaske et al., 2010; Wang et al., 2015a; 2015b)iffat (Drier et al., 2013) has proven to be
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particularly robust. It has been successfully agabto provide a pathway-based classification
of breast cancer (Livshits et al., 2015), and whembined with Cox regression and L1
penalised estimation, has achieved better prognoediction compared with gene-based
models (Huang et al., 2014).

In this study, we sought to perform a personalipathway analysis to obtain a
comprehensive understanding of the status of HRwat dysregulation in individual
sporadic breast tumours, its association with Hbairedeficiency and its impact on tumour
characteristics (CIN in this case). To this end,catculated for each breast tumour 4R
score that quantified the extent of HR pathway egsfation in that tumour. Base on the
score, we observed a great diversity in HR dysedgul between and within the PAM50
subtypes, and by using two published HR-defect adiges, we found HR pathway
dysregulation reflects HR repair deficiency. Mompbortantly, we uncovered a novel
association between HR dysregulation and CIN, whidicates that dysregulated HR might
contribute to replication stress-induced CIN indstecancer. This knowledge may help future
studies to identify the causative factors of CINsporadic breast cancer as well as in other

cancer types.

Materials and Methods

1. Genomic data

Whole-genome gene expression data, DNA copy-nurda&a, gene mutation data
(only available for the TCGA samples) and relatiaical data for four breast cancer cohorts
(Table 1) were obtained from METABRIC (Curtis et, &012) and TCGA (Koboldt et al.,
2012).

Table 1 Breast cancer cohorts analysed in this study

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

Gene-expression data and chromosomal-level DNA -tcopyber data from the
METABRIC project (Genome-phenome Archive accessmmber EGAS00000000083)

were made available upon request, and had alreagly preprocessed as described by Curtis
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et al. (Curtis et al., 2012). Gene-expression ttata this project were based on the Illumina
HT-12 v3 Expression Beadchip (lllumina, San DieddA, USA). The probe-level
transcription estimates were mapped to gene-lestehates using the HT-12 v3 annotation
file downloaded from the lllumina website (http:¥w.illumina.com/). Where two or more

probes represented the same gene, the probe withrtfest variation was chosen as the gene
representative. DNA copy-number data from METABRKad been generated using
Affymetrix SNP 6.0 arrays (Affymetrix, Santa Cla@A, USA). The corresponding PAM50
subtype assignment and clinical outcome were obdairom (Curtis et al., 2012).

The preprocessed gene-expression and DNA copy-nuddia (both chromosome-
level and gene-level) for the TCGA RNA-seq cohoergvdownloaded via the UCSC Cancer
Genomics Browser_(https://genome-cancer.ucsc.eaul)3 October 2014. Gene-expression

data for this cohort were measured using the IhamHiSeq 2000 RNA Sequencing
platform, and show the Expectation Maximization BR§-normalised and percentile-ranked
gene-level transcription estimates. DNA copy-nundsga for this cohort had been generated
using Affymetrix SNA 6.0 arrays, with germline cepymber variation filtered out. PAM50
classifications for this cohort were obtained tlgiogpersonal communication with the TCGA
consortium. A subset of these 1068 cases also bas gxpression data obtained from
microarray. The Level 3 gene-expression data fag TTCGA Microarray cohort and the
corresponding PAMS50 classifications were downloadeasm the TCGA data portal
publication site (https://tcga-data.nci.nih.gov/slpublications/brca_2012/) on 3 June 2014.

These gene-expression data were based on Agilstuma244K whole-genome microarrays
and had been preprocessed as described by Kohatt(&oboldt et al., 2012). DNA copy-
number data for this cohort were obtained as aetudisthe TCGA RNA-seq cohort, as the
samples of the former cohort were covered by ttex ohort.

The preprocessed gene mutation data for 982 TCGAples, generated on an
llluminaGA system, were downloaded via the UCSC d@an Genomics Browser

(https://genome-cancer.ucsc.edu/) on 06 July 2B&6h gene had been assigned a value of 1

or 0, indicating whether a non-silent mutation waestified in the coding region of that gene
(value=1) or not (value=0). These data were matt¢beatle two TCGA cohorts respectively

according to the sample ID.
2. HR pathway curation and calculation of AR score

Based on our recent review of the HR pathway (Livale 2014), we manually

curated a list of 82 genes with direct relevancéi® (Supplementary Table S1). We then



176
177
178
179
180
181
182
183
184
185
186
187
188

189

190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207

applied Pathifier (Drier et al., 2013) to the mRNRpression level of the curated HR genes
to calculate an/R score that quantifies HR pathway dysregulation ndividual breast
tumours. Based on gene-expression profiles for tusnand normal breast tissues, Pathifier
transforms HR gene-expression measurements inteasure of HR pathway dysregulation
by fitting a principal curve (see SupplementaryufegS1 for a visualisation of the curve) that
captures the maximal variability of the expresdmrels of the HR genes in all samples, and
then projects each sample onto that curve. A sampi® score is defined as its distance
along the curve from the centroid of the normalues (Drier et al., 2013).

Not all HR genes we curated were present in the gapression data for each of the
four cohorts. We therefore calculated #H& score for each cohort based only on HR genes
that are available for that cohort (ranges fromt®72, see Supplementary Table S1). No
other ways for selecting HR genes were examineadihimize retrospective optimization for

the correlations with CIN (see below).
3. CIN measurements calculation

The numbers of chromosomal breakpoints and theoptiops of the genome affected
by copy-number change (Genomic Instability IndeK) €r samples in the two METABRIC
cohorts were downloaded from a recent study (Vadtaal., 2015) in which the METABRIC
Group was involved. According to this study, a feamples with mismatched DNA/RNA
were identified and excluded, resulting in 985 sksmpemaining in the Discovery cohort and
965 in the Validation cohort. To get the numberaafplified/deleted genes for the same
samples, we first calculated the copy number ohegene using the chromosomal-level
DNA copy-number data available for the two cohotten applied cut-offs>( 0.10 for
amplified genes and —0.15 for deleted genes) that are similar to thessl by METABRIC
to define chromosomal regions with amplificatiomsleletions.

For the two TCGA cohorts, we used the chromosomatlDNA copy-number data
to calculate number of breaks by counting the totehber of chromosomal segments at least
1 kb in length. The calculation of Gll was also dh®n the chromosomal-level DNA copy-
number data after filtering out segments shorten thkb, and the same cut-offs as mentioned
above £ 0.10 for amplification ang —0.15 for deletion) were used to identify chromosb
regions with copy-number change. The number of diegldeleted genes for each of the
two TCGA cohorts was obtained from the downloadedeglevel DNA copy-number data,

where +1 and +2 represent amplification and -1-2neépresent deletion.
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4. Survival analysis

Survival analysis for both of the METABRIC datasetas performed using the R
packagesurvival (http://cran.r-project.org/web/packages/survivaléx.html). Patient follow-
up time was limited to 15 years, and only breastearelated deaths were counted.

Results

1. An AR score for quantifying HR pathway dysregulation in individual breast

tumours

An HR score was developed for each breast tumour to tifpadR pathway
dysregulation in that tumour; a highR score means that the expression of the HR gengs as
whole in an individual tumour is very different fnothe situation in normal breast tissues
(see Supplementary Figure S2 for HR gene expressidnmours with low to hightHR
score). To calculate this score, we first manuatlyrated a list of 82 HR genes
(Supplementary Table S1) according to our recewviewe on the HR pathway (Liu et al.,
2014). This gene list provides more up-to-date Kedge about the content of HR compared
to publicly available pathway databases; for ins¢ant catalogues 54 more genes than the
HR pathway in the Kyoto Encyclopedia of Genes aetddmes (KEGG) database (Kanehisa
and Goto, 2000). The expression profiles of theatmat HR genes were then employed as
input to the Pathifier method (Drier et al., 201®) compute the score. To ensure
reproducibility of the results, we performed thigtpvay analysis independently for four
large breast cancer cohorts that also include datanormal breast tissues (Table 1).
Depending on data availability, the number of HRegefor calculating the score is slightly
different across the cohorts (Supplementary Tal)e S

The boxplots in Figure 1 display ti#R score distribution in each cohort with regard
to the PAM50 molecular subtypes, and in normal &tréigsues. We observed a consistent
pattern across the four cohorts: basal-like tumaeserally have the highegfR score,
followed by HER2 and Luminal B tumours, and thenmioal A and Normal-like tumours;
the normal breast tissues always have the lo#stscore as a consequence of being the
benchmark. Similar results can be seen in Supplanekigure S3 showingR score versus
the HR score-based rank of the tumours of different quisy The consistent distribution of
the AR score by tumour subtype across the different cehamd gene-expression profiling

platforms (RNA-seq and microarray in TCGA) is styavidence that th&R score is robust
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and reproducible. Interestingly, we observed soar&ility in /R score within tumours of
the same subtype, as highlighted by some outliardhe boxplots, suggesting some

heterogeneity in HR pathway dysregulation withie subtypes.
2. The HRscore is reflective of HR repair deficiency.

The HR score is gene expression-based, and measures tde &x which the HR
pathway is dysregulated. To test whether theretexs association between HR pathway
dysregulation and HR repair deficiency, we nexedskhether théZR score is reflective of
HR repair deficiency (i.e., whether a tumour withkhAZR score is likely to be HR-defective).
We used two published HR-defect signatures, honmeisgecombination defect (HRD) (G.
Peng et al.,, 2014) and Large-scale transitions ¢)JPopova et al., 2012), to test this
hypothesis.

2.1. Comparison with the HRD signature

The HRD signature encompasses 230 genes thatfereediially expressed between
HR-intact and HR-deficient cells, and is intendeddpresent the global impact of HR defect
on the transcriptome of a tumour cell (G. Penglet2814). To identify tumours (or cell
lines) with HR deficiency, Peng et al. performetiararchical clustering analysis based on
the expression level of the 230 genes to dividepdesninto two clusters, one considered as
HR-intact and the other HR-deficient (G. Peng gt2414).

In this study, we performed the same clusterindyamafor each of the four cohorts
(Figure 2A for the METABRIC discovery cohort and@@lementary Figures S4, S5 and S6
for the three remaining cohorts). As shown in FegRA, tumours with low HR score (upper
horizontal bar, green) are mostly tumours belongiogthe HR-intact cluster, whereas
tumours with high HR score (upper horizontal bad)rare mostly tumours belonging to the
HR-deficient cluster. To be more precise, FiguresBBws the distribution of the HR score in
the two HRD-based clusters for each of the fourocsh demonstrating that tumours in the
HR-deficient cluster in general have significarttigher HR score compared with tumours in
the HR-intact cluster (p-values 9.1e-63, Wilcoxon Signed-rank test). These obsems
indicate that tumours with high HR scores are likel be HR-defective, as predicted by the

HRD signature.

2.2. Comparison with the LST signature
LST refers to a chromosomal break whose flankimgores are at least 10 Mb in size.

A tumour with a large number of LSTs indicates H&edt-related genomic scarring as a
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measure of chromosomal instability (Popova et2012). In this study, we estimated the
number of LSTs for each tumour using the DNA copynber data, and divided each cohort
into two groups according to the method and cut-akéscribed in (Popova et al., 2012):
LST" (= 20 LSTs) and LST(< 20 LSTs). The numbers of L5&nd LST tumours identified

in each cohort are summarised in SupplementaryeT&8l As in the comparison with the

HRD signature, we found that LSTumours generally have higher HR scores compardd w

LST tumours, even in the case of the METABRIC Discgveshort where only nine LST

tumours were identified (Figure 3). This obsematalso supports the idea that #& score
is indicative of HR defect.

Taken together, the results based on HRD and on d&Siionstrate an association
between HR pathway dysregulation, as representedhbyHR score, and HR repair
deficiency. In addition, in the two TCGA cohortsr fachich gene mutation data were
available, we also observe that tumours with atleae non-synonymous mutation in one of
six key HR genes have significantly higt#R score than do the tumours with no mutation in
any of these genes (see Supplementary Figure Svidoe details). All these results support
the existence of a compensatory mechanism throughhwHR-deficient cells respond to
their HR defect by altering the expression levelHR genes. Interestingly, it has been
proposed that melanoma cells exploit the overespyasof DNA repair genes, particular
those involved in DSB repair, to increase their DKgpair capacity that is necessary for
them to invade and give rise to distant metastg&aasin and Kauffmann, 2008). Consistent
with this, overexpression of certain DNA repair gens utilised by polyploid cells to
overcome replication stress-induced senescenceisafZheng et al., 2012). All these results
indicate that altering the expression of DNA repgenes or pathways may be a

compensatory mechanism commonly exploited by tunselis.
3. Association with CIN

Because replication stress has emerged as a coswooote of CIN in caner, and HR
is the crucial pathway for the repair of replicat&tress-induced DSBs, we hypothesised that
there might be a link between HR pathway dysregnatwvhich is indicative of HR repair
deficiency as described above, and the degree Mfif€lbreast carcinomas. To test this
hypothesis, we first examined the correlation betwthe/R score and the widely used CIN
signature CIN25 (Carter et al., 2006). We then stigated the association between fi@

score and each of the three common CIN measuremenismber of chromosomal

10
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breakpoints, fraction of the genome with copy-nurnddterations (genomic instability index,
Gll), and number of amplified/deleted genes. Intipalar, as data pre-processing and
segregation algorithm can significantly affect #etual value of the CIN measurements, we
downloaded the numbers of chromosomal breaks ahdoGthe two METABRIC cohorts
from a recent publication (Vollan et al., 2015). WW&dieve these measures from a third-party

study provide more-objective results for our anialys

3.1. Association with CIN25

Figure 4 displays a scatter plot between the CI¥26re, defined as the mean
expression value of the CIN25 genes (Carter e2@06), and thé/R score for tumours from
each of the four cohorts. Each cohort showed a tigtelation between the CIN25 score and
the HR score (Spearman correlation coefficient r = 0.9d ran 0.93 for the two METABRIC
cohorts, and r = 0.85 and r = 0.96 for the two TC€horts), indicating that th&R score is
also correlated with CIN level. Moreover we fourah tof the CIN25 genes (40%) to be
present among the 230 genes of the HRD signatunéioned in Section 2.1, which indicates
that HR defects might be one of the underlying dgatal mechanisms responsible for the
expression change of the CIN25 genes.

Overall, these results revealed that #7 score correlates with the CIN25 score, and
support the hypothesis that there exists an asgntizetween HR pathway dysregulation, as

represented by th&R score, and CIN level in tumours, as predicted leyGliN25 score.

3.2. Association with three common CIN measurements

Because the CIN25 score only indirectly estimatéd @vel in tumours, we also
directly assessed the relationship betweenARescore and each of the three common CIN
measures (breakpoints, Gll and number of amplifieléted genes). We asked whether
tumours with higher/R score tend to have a higher CIN level. To address we divided
tumours into four equal-sized groups based on Atk score quartiles, and statistically
examined the differences between adjacent groupedith of the three CIN measurements.
The boxplots in Figure 5 (METABRIC discovery cohahow a high variability in eachR
score quartile group for each CIN measurementgcatatig that other mechanisms can also
affect CIN. However, we observed a clear patteat thmours with highef/R score indeed
tend to have higher CIN level (Wilcoxon Signed-raekt, one sided FDR p-value < 0.05),
with the exception of tumours in the third and tbuguartile groups in GIl. Similar results

were obtained for the remaining three cohorts (&mpentary Figures S8, S9 and S10).

11
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Overall, these results suggest an association eetihee extent of HR pathway dysregulation
and the degree of CIN level in breast carcinomas.

As the AR score is based on gene expression, to ascertatharhthe association
observed above is due to the gene expression-d2abtb0 subtypes, we performed the
same analysis independently on tumours within ¢&&8R50 subtype. In each analysis, the
samples were divided into high and |oMR score groups according to the median. The
results for the METABRIC discovery cohort are sumised in Figure 6. For this cohort we
consistently observed that tumours in the hifh score group have more breakpoints than do
tumours in the lowAHR score group within the subtypes, despite the walege of the
breakpoint numbers observed for each subtype. Tiferahce in Gll between the low and
high HR score groups was significant in Basal-like, LumiAand Normal-like tumours, but
not in HER2 and Luminal B tumours, while the diffece in number of amplified/deleted
genes between the two groups was significant irsuitypes except HER2. For the other
cohorts (Supplementary Figures S11, S12 and S13)bserved some differences between
cohorts. For example, in the METABRIC Validatiorhoot, all three CIN measurements are
significantly different between the twé&R score groups for all subtypes, whereas the
difference is significant in fewer subtypes in tA€GA Microarray cohort. These
discrepancies might be due to low sample sizeanT®@GA Microarray cohort (e.g. there are
only eight samples in its Normal-like subtype). Ap&iom these possible exceptions, the
above results support the hypothesis that tumoutts nvore-deregulated HR pathway are
likely to have a higher degree of CIN, and thistiehship can still be detected within the
gene expression-based PAM50 subtypes.

3.3. Association between the CIN measurements and other pathways

The scatter plots in Figure 5 (METABRIC discovephort) show that thé/R score
is moderately correlated with each of the three @idasurements (breakpoints r = 0.60, GlI
r=0.39 and number of amplified/deleted genes r48)0.These moderate correlations are not
surprising, given that we do not consider aberkRtas the only mechanism that contributes
to CIN. In this section we investigated whether¢hare other pathways whose dysregulation
also correlates with CIN, and whether these moderattrelations are far from random.

We computed a score for each of the 186 KEGG pathisanehisa and Goto, 2000)
and for 674 Reactome pathways (Croft et al., 2048i))g the same approach as for Hye
score. Spearman correlation coefficients betweesetrscores and each of the three CIN

measures were recorded and compared against thectiee correlations between ti#éR
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score and the three CIN measurements. Figure 7 sshiogv results for the METABRIC
Discovery cohort (KEGG pathways are in green andcRene pathways in blue; similar
results for the other three cohorts are in Supphtang Figures S14, S15 and S16). We found
only a few KEGG or Reactome pathways whose dysatignl showed a similar level of
correlation with CIN as did the HR pathway. Formpde, only four (2.2%) KEGG pathways
(cell cycle, oocyte meiosis, progesterone-mediatedyte maturation and p53 signalling)
were more strongly associated with number of breekp than with the HR pathway (r =
0.61- 0.63 compared to r = 0.60 for the HR pathwayigure 7). Moreover, the strong
associations of the oocyte meiosis, progesterorgiateel oocyte maturation and p53
signalling pathways with number of breakpoints igimy due to their considerable overlap
in gene content with the KEGG cell cycle pathway®@ 34% and 36% genes from each of
these three pathways are also present in theym# pathway (Supplementary Table S3). In
contrast, only two HR genes are present in the ©gile pathway. After removing the
overlapping genes, association levels between efatfese three pathways with number of
breakpoints significantly decreased (results natwst). Similarly, although there were 24
(3.6%) Reactome pathways whose dysregulation sh@awadilar level of correlation with
CIN as did the HR pathway, 18 of these are eithercell cycle pathway or its sub-pathways
(Supplementary Table S4).

As the KEGG and Reactome pathways do not covejealés measured in the whole-
genome gene expression profiling data analysedis gtudy, we also constructed 1000
“Random” pathways for each cohort to calculate expigcal p-value for the association
between the HR score and each of the three CINuneagnts. Each Random pathway is of
the same length as HR but is composed of genesmapdelected from the gene-expression
profiling data, excluding those from HR and celkley pathways. Similar to the KEGG
pathways analysed above, we computed a score darRandom pathway, and compared the
correlation coefficients with the three CIN measuegainst those for th&R score. As
shown in Figure 7, only a few Random pathways fink)pshowed a level of association with
CIN similar to that of the HR pathway, as indicabgdthe empirical p-values. Similar results
for the other three cohorts were obtained (Suppheang Figures S14, S15 and S16).

Overall, these results indicate that the CIN lemetumours is associated with the
dysregulation of only a limited number of pathwdgsy., the cell cycle pathway), and that

the correlation between HR and CIN is far from geiandom.

13



400

401
402
403
404
405
406
407
408
409
410

411

412
413
414

415

416

417
418
419
420
421
422
423
424
425
426
427
428
429
430

4. Association with survival in ER" tumours

The two METABRIC cohorts are annotated with disegsecific survival data that
are lacking for the two TCGA cohorts. We thus tdstehether the”/R score can predict
patient survival in the two METABRIC cohorts. FiguB shows Kaplan-Maier plots for
patients with ER tumours from the METABRIC discovery (n=699; follayp time< 15
years) and validation cohorts (n=582; follow-up dimh 15 years). For each cohort, patients
were divided into high and lowiR score groups based on the mediR score. For both

cohorts, we observed a significant difference itigpd survival between the twdR score
groups with ER tumours (Figure 8; Cox proportional hazards regjogstest p-value = 8.4e-
04 and 3.9e-09 for the two cohorts, respectiveowever, we observed no significant

difference in survival between the twifiR score groups for patients with BRmours (data

not shown). As an association between CIN and meignn ER tumours has already been

documented (Przybytkowski et al., 2014; Smid et28111), and after control for the number
of chromosomal breaks there is no significant déifee in survival between the twéR

score-based groups (result not shown), we infdrttteaprognostic value of thER score in

ER' tumours is due to the association betweentRescore and CIN.

Discussion

Multiple molecular mechanisms have been associatéld the origin of CIN in
cancer, including replication stress, telomere aysfion, aberrant DNA repair and various
defects in chromosome segregation (reviewed in §abdt al., 2013; Aguilera and Garcia-
Muse, 2013; Negrini et al., 2010; Thompson et &010). Although CIN can be
experimentally induced by exploiting any of thesechmnisms, replication stress has been
recently identified as the first recurrent genedefect associated with CIN in colorectal
cancer (Burrell et al., 2013a). In this scenarity & induced during DNA replication in fast-
dividing tumour cells, giving rise to frequent $itad of replication forks. Consequently, HR
as the primary pathway for repair of the result&®Bs during replication becomes
overworked, and if HR is dysfunctional the frequemé replication stress-induced CIN is
likely to increase dramatically. Here we have shdhat HR dysregulation as measured by
theHR score, which is indicative of aberrant HR rep@iprevalent in sporadic breast cancer
and correlates with the level of CIN. We thus ppthat HR dysregulation might contribute
to replication stress-induced CIN at least in sparéreast cancer. Consistent with this view,
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overexpression of the key HR geRAD51, which is commonly seen in breast cancer as well
as other cancer types, promotes chromosomal ifisgaitichardson et al., 2004), and two
other critical HR genesBRCAl1 and BRCA2, were recently proposed as chromosome
custodians mainly due to their role in HR (Venlataan, 2014a; 2014b).

Dysfunction of the HR pathway, although not themany cause, may increase the
level of replication stress-induced CIN in sevevals. Firstly, it can cause inefficient repair
of DSBs, resulting in an accumulation of chromosbibneaks. Secondly, by triggering error-
prone repair pathways including canonical non-h@gols end-joining (C-NHEJ) and
alternative non-homologous end-joining (Alt-NHEJsaacalled microhomology-mediated
end joining (MMEJ)), HR dysfunction can lead to nsbocations, translocation-related
chromosomal breaks and DNA copy-number changescifgjadly, in contrast to HR that
requires homologous sequence to guide repair, CNkite Alt-NHEJ mediate the repair by
a direct ligation of the break ends after moreesslend processing, and so do not ensure that
the broken DNA strands are re-joined in the corrgosition. These two low-fidelity
pathways come to repair DSBs generated during DBi#liaation when HR is deficient,
resulting in translocation as well as translocatielated chromosomal breaks (Alexandrov et
al., 2013; Bunting and Nussenzweig, 2013; Ottavitnal., 2014; Villarreal et al., 2012).
Moreover, gene copy number changes also arise Wigerepair of broken replication forks
switched from HR to the two NHEJs, especially AR (Hastings et al., 2009);

A third way in which HR pathway dysfunction cannease replication stress-induced
CIN is by affecting mitosis and the proper functran of telomeres. HR defects and the
consequent slow progression of replication forka edicit alterations of mitosis, which
highlights the importance of HR at the interfacehase two processes for protection against
CIN (Wilhelm et al., 2014). In addition, DSB rep&rshut down during the M phase to avoid
telomere fusion and as a consequence, mitosigailinue even in the presence of DSBs or
fragmented chromosomes, giving rise to CIN (Ortmnet al., 2014). This emphasises the
importance of DSB repair during DNA replicationpesially given the presence of DSBs
that result from replication stress. HR defectsseaubyBRCA2 mutations could also lead to
telomere dysfunction, a mechanism that has beemopesl to explain, in part, the
chromosomal instability observed BRCA2-deficient tumours (Badie et al.,, 2010). Taken
together, HR dysfunction can increase CIN via digemechanisms, and the association
revealed in this study between HR dysregulation @ (Figures 4, 5 and 6) indicates that
dysregulated HR might contribute to the CIN obsénvehighly replicative tumours.
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The study of CIN in breast cancer has attracted ans® interest in recent years
following the recognition of its clinical relevande disease heterogeneity, drug resistance
and patient response (A'Hern et al., 2013; Birkkalal., 2011; Endesfelder et al., 2014;
Habermann et al., 2009; Roylance et al., 2011;®8gnst and Nepveu, 2011; Swanton et al.,
2009; Vincent-Salomon et al., 2013); reviewed bygdfec, 2011). CIN induces evolution in
tumours, providing the heterogeneity from which raggive and/or drug-resistant tumour
clones are selectively established. CIN aids tunsewrelopment by amplifying genomic
regions containing oncogenes and deleting regiargaming tumour-suppressor genes,
thereby significantly influencing treatment resporend survival in patients. Our results
further strengthen this connection by associatiygrebulated HR with the extent of
amplified/deleted genes and regions of the chromes@and by showing that ERumours
with high HR score or CIN levels display signifitrpoorer prognosis (Figure 8).

A measure of HR dysregulation such as the one adopere can be extremely
valuable to guide therapeutic options. The obsemahat cancer cells deficient in HR are
profoundly sensitive to PARP inhibitors (Bryantaét 2005; Farmer et al., 2005) has already
led to the development of targeted PARP theramesporadic breast and ovarian cancers
with defects in core HR genes such BRCA1 and BRCA2, a condition termed as
“BRCAnNess” (Turner et al., 2004). PARP is an impattprotein family whose members
function in restarting stalled replication forksdadiverting DSBs to HR-mediated repair. It
has been proposed that accumulated chromosomalbilitst arising from the continued
stalling of replication forks, accompanied by dificy in repairing DSBs and thereby
triggering a genomic catastrophe, may explain ho&%RP inhibition kills HR-deficient
cancer cells (Bryant et al., 2005; Farmer et &05). Although focusing on a mechanistic
explanation for PARP-based cancer therapy, thesgelmondirectly suggest an underlying
relationship among replicative stress, dysfuncliomdR and the accumulation of
chromosomal instability.

In conclusion, we performed a personalised pathamalysis by calculating aWR
score that quantifies HR pathway dysregulation ndividual breast tumours, with the
behaviour of HR in normal breast tissues servingaavenchmark. Our results are
reproducible across four large breast cancer cslferB000 tumours in total). We found HR
is dysregulated to various extents between andirwite gene expression-based PAM50
subtypes, which may reflects their HR repair deficy. More importantly, we uncovered a

novel association between HR dysregulation and @lwough HR has a well-known role in
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maintaining genomic integrity, this work is thesfitarge-scale study to assess the correlation
between HR dysregulation and CIN in sporadic breasicer. As such our results will be
useful for future studies that aim to identify catinge factors of CIN in sporadic breast cancer

as well as in other cancer types.
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Figure 1 - Distribution of the HR score across the PAM50 subtypes and normal
breast tissues (in green) for the four cohorts.

Figure 2 — Comparison of theHR score with the HRD signature.A: HRD-based
hierarchical clustering of tumours from the METABRIC Discovery cohort. B:
Distribution of the HR score in the two HRD-based clusters for each of the four
cohorts. Colour represents the HRD-based cluster. P-values were obtained using a
Wilcoxon signed-rank test.

Figure 3 - Distribution of the HR score in LST tumours and LST tumours for
each of the four cohorts.Colour represents LST status. P-values were obtained using
aWilcoxon signed-rank test.

Figure 4 - Correlations between the CIN25 score anthe HR score for each of
the four cohorts.

Figure 5 - HR score versus the three CIN measurements for the MEABRIC
Discovery cohort. Left: Boxplots of the three CIN measurements versus the four HR
score quartile groups; stars indicate statistical significance according to a Wilcoxon
signed-rank test: ns means not significant, * means 0.01< p-value < 0.05, ** means
0.001 < p-value <0.01, and *** means p-value < 0.001. Right: Scatter plots of the HR
score versus each of the three CIN measurements; r represents Pearson Correlation
Coefficient.

Figure 6 - HR score versus the three CIN measurements within PAMbsubtypes
(METABRIC Discovery cohort). For each plot, the two HR score groups were
divided according to the median HR score in each subtype; stars indicate the
significance according to a Wilcoxon signed-rank test for each pair of groups. ns
means not significant, * means 0.01< p < 0.05, ** means 0.001 < p <0.01, and ***

means p < 0.001.

Figure 7 - Distributions of the correlations betwea pathway scores and the three
CIN measurements (METABRIC Discovery cohort).Results for KEGG pathways
are in green, Reactome pathways in blue and Random pathways in pink. Spearman
correlation coefficients (r) are represented on the x-axis. Pathway score were
calculated with Pathifier. The vertical dashed line in each histogram indicates the
value of r between the HR score and each of the three CIN measurements, and p
represents an empirical p-value for that value of r.

Figure 8 - Kaplan-Maier plot for disease specific wrvival in the METABRIC
Discovery cohort (left) and Validation cohort (right). Patients with ER* tumour
were divided into two equal-sized groups based on the median HR score in each
cohort.

Figure S1 — Principal curve of the HR pathway for ach of the four cohorts.For
each cohort, the black points represent samples in that cohort. The samples are
projected onto the principal curve and are coloured according to their PAMS50
assignment. The data points and the principal curve are projected on the three leading
principal components for visualisation.



Figure S2 — The expression of the HR genes in tumaufrom the METABRIC
Discovery cohort. The HR genes are ranked in decreasing importance according to
their contribution to the first principal component.

Figure S3 — Scatter plots of thedR score versus the rank of tumours according
to their HR score, colour by the PAM50 assignment.

Figure S4 - Hierarchical clustering of tumours fromthe METABRIC Validation
cohort based on the HRD signature.

Figure S5 - Hierarchical clustering of tumours fromthe TCGA RNA-seq cohort
based on the HRD signature.

Figure S6 - Hierarchical clustering of tumours from the TCGA Microarray
cohort based on the HRD signature.

Figure S7 - HR score versus HR gene mutation for the two TCGA cairts.
Mutant refers to tumours with at least one nonsynonymous mutation in any of the six
key HR genes (BRCAL, BRCA2, RAD51, PALB2, DNA2 and EXO1). Wild type refers
to tumours with no mutations in these six genes. Normal refers to normal breast
tissues. P-values were obtained using a Wilcoxon signed-rank test, for the comparison
between wild type and mutant tumours.

Figure S8 -HR score versus the three CIN measurements for the MEABRIC
Validation cohort. Left: Boxplots of the three CIN measurements versus the four HR
score quartile groups; stars indicate statistical significance according to a Wilcoxon
signed-rank test: ns means not significant, * means 0.01< p-value < 0.05, ** means
0.001 < p-value <0.01, and *** means p-value < 0.001. Right: Scatter plots of the HR
score versus each of the three CIN measurements; r represents Pearson Correlation
Coefficient.

Figure S9 -HR score versus the three CIN measurements for the TGGRNA-
seq cohort. Left: Boxplots of the three CIN measurements versus the four HR score
guartile groups; stars indicate statistical significance according to a Wilcoxon signed-
rank test: ns means not significant, * means 0.01< p-value < 0.05, ** means 0.001 <
p-vaue <0.01, and *** means p-value < 0.001. Right: Scatter plots of the HR score
versus each of the three CIN measurements; r represents Pearson Correlation
Coefficient.

Figure S10 - HR score versus the three CIN measurements for the TC&
Microarray cohort. Left: Boxplots of the three CIN measurements versus the four
HR score quartile groups, stars indicate statistical significance according to a
Wilcoxon signed-rank test: ns means not significant, * means 0.01< p-value < 0.05,
** means 0.001 < p-value <0.01, and *** means p-value < 0.001. Right: Scatter plots
of the HR score versus each of the three CIN measurements; r represents Pearson
Correlation Coefficient.

Figure S11 - HR score versus the three CIN measurements within PAMb
subtypes (METABRIC Validation cohort). For each plot, the two HR score groups
were divided according to the median HR score in each subtype; stars indicate the
significance according to a Wilcoxon signed-rank test for each pair of groups. ns
means not significant, * means 0.01< p < 0.05, ** means 0.001 < p <0.01, and ***

means p < 0.001.



Figure S12 - HR score versus the three CIN measurements within PAMb
subtypes (TCGA RNA-seq cohort).For each plot, the two HR score groups were
divided according to the median HR score in each subtype; stars indicate the
significance according to a Wilcoxon signed-rank test for each pair of groups. ns
means not significant, * means 0.01< p < 0.05, ** means 0.001 < p <0.01, and ***
means p < 0.001.

Figure S13 - HR score versus the three CIN measurements within PAMb
subtypes (TCGA Microarray cohort). For each plot, the two HR score groups were
divided according to the median HR score in each subtype; stars indicate the
significance according to a Wilcoxon signed-rank test for each pair of groups. ns
means not significant, * means 0.01< p < 0.05, ** means 0.001 < p <0.01, and ***

means p < 0.001.

Figure S14 - Distributions of the correlations betwen pathway scores and the
three CIN measurements (METABRIC Validation cohort). Results for KEGG
pathways are in green, Reactome pathways in blue and Random pathways in pink.
Spearman correlation coefficients (r) are represented on the x-axis. Pathway score
were calculated with Pathifier. The vertical dashed line in each histogram indicates
the value of r between the HR score and each of the three CIN measurements, and p
represents an empirical p-value for that value of r.

Figure S15 - Distributions of the correlations betwen pathway scores and the
three CIN measurements (TCGA RNA-seq cohort)Results for KEGG pathways
are in green, Reactome pathways in blue and Random pathways in pink. Spearman
correlation coefficients (r) are represented on the x-axis. Pathway score were
calculated with Pathifier. The vertical dashed line in each histogram indicates the
value of r between the HR score and each of the three CIN measurements, and p
represents an empirical p-value for that value of r.

Figure S16 - Distributions of the correlations betwen pathway scores and the
three CIN measurements (TCGA Microarray cohort). Results for KEGG
pathways are in green, Reactome pathways in blue and Random pathways in pink. An
additional 100 CIN-related genes were excluded prior to the construction of the
Random pathways as the Pathifer method was sensitive to the addition or removal of

a small number of genes in this cohort. Spearman correlation coefficients (r) are
represented on the x-axis. Pathway score were calculated with Pathifier. The vertical
dashed line in each histogram indicates the value of r between the HR score and each
of the three CIN measurements, and p represents an empirical p-value for that value
of r.
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Homologous recombination (HR) pathway dysregulation is quantified at
tumour level.

HR dysregulation isindicative of HR repair deficiency.

An association between HR dysregulation and chromosomal instability is
uncovered.

The results are reproducible across four large breast cancer cohorts.
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BRIP1 s « « « & X
ZNF365 s « « « X X
PSIP1 s ~f « o X X
PARP1 o « « « X X
TP53BP1 Vs o o o X *
RIF1 s v « V4 X X
Total = 82 69 present 69 present 72 present 67 present 2 present 7 present

* Chao Liu et al., NAR, 2014, 6106-6127



Cohort LST+ LST-
METABRIC Discovery 9 976
METABRIC Validation 25 940

TCGA RNA-seq a4 820
TCGA Microarray 42 405




Correlations between the Pathifier score of each KEGG pathway and three CIN measurements in the four breast cancer cohorts
Note:

1. Overlap = length of the overlap with the CELL CYCLE pathway in KEGG

2. Percentage = percentage of the overlap with the CELL CYCLE pathway in KEGG

Pathway Name Length Overlap Percentage METABRIC Discovery Cohort METABRIC Validation Cohort TCGA RNA-seq Cohort TCGA Microarray Cohort
No. of breaks Gll No. of amplified/deleted genes No. of breaks GIl No. of amplified/deleted genes No. of breaks Gl No. of amplified/deleted genes No. of breaks Gll No. of amplified/deleted genes

OOCYTE MEIOSIS 114 42 36.84% 0.63 0.29 0.43 0.61 0.32 0.48 0.52 0.47 0.50 0.57 0.50 0.52
CELL CYCLE 128 128 100.00% 0.62 0.30 0.42 0.60 0.35 0.48 0.61 0.57 0.59 0.56 0.52 0.52
PROGESTERONE MEDIATED OOCYTE MATURATION 86 29 33.72% 0.61 0.32 0.44 0.59 0.34 0.48 0.56 0.51 0.54 0.54 0.47 0.48
P53 SIGNALING PATHWAY 69 25 36.23% 0.61 0.28 0.42 0.56 0.29 0.45 0.51 0.48 0.49 0.55 0.48 0.49
PYRIMIDINE METABOLISM 98 0 0.00% 0.58 0.30 0.43 -0.05 0.19 0.04 0.38 0.36 0.36 0.52 0.48 0.48
SMALL CELL LUNG CANCER 84 15 17.86% 0.57 0.23 0.39 0.50 0.22 0.37 0.45 0.45 0.44 0.50 0.44 0.49
BASE EXCISION REPAIR 35 1 2.86% 0.56 0.35 0.44 0.56 0.43 0.52 0.57 0.53 0.53 0.51 0.52 0.50
UBIQUITIN MEDIATED PROTEOLYSIS 138 21 15.22% 0.55 0.41 0.42 0.30 0.23 0.23 0.30 0.30 0.32 0.53 0.40 0.47
PATHWAYS IN CANCER 328 32 9.76% 0.54 0.23 0.36 0.48 0.35 0.40 0.25 0.31 0.22 0.49 0.39 0.44
DNA REPLICATION 36 7 19.44% 0.54 0.31 0.38 0.52 0.35 0.45 0.53 0.53 0.52 0.49 0.54 0.52
HOMOLOGOUS RECOMBINATION 28 0 0.00% 0.52 0.25 0.37 0.45 0.30 0.38 0.41 0.37 0.38 0.53 0.51 0.49
PROSTATE CANCER 89 15 16.85% 0.52 0.20 0.33 0.45 0.24 0.30 0.25 0.29 0.22 0.25 0.27 0.21
CYSTEINE AND METHIONINE METABOLISM 34 0 0.00% 0.51 0.12 0.34 0.46 0.15 0.32 0.44 0.37 0.39 0.54 0.49 0.52
MISMATCH REPAIR 23 1 4.35% 0.51 0.27 0.40 0.43 0.30 0.45 0.48 0.50 0.50 0.48 0.53 0.52
BLADDER CANCER 42 11 26.19% 0.51 0.16 0.31 0.47 0.23 0.34 0.31 0.33 0.32 0.32 0.23 0.30
PROPANOATE METABOLISM 33 0 0.00% 0.50 0.13 0.29 0.28 0.04 0.13 0.44 0.38 0.42 0.27 0.18 0.21
FATTY ACID METABOLISM 42 0 0.00% 0.49 0.32 0.38 0.20 0.35 0.27 0.22 0.27 0.18 0.18 0.22 0.16
PEROXISOME 78 0 0.00% 0.49 0.15 0.39 -0.05 0.21 0.07 0.10 0.10 0.07 0.15 0.16 0.16
PURINE METABOLISM 159 0 0.00% 0.49 0.20 0.37 0.47 0.23 0.41 0.42 0.39 0.41 0.55 0.47 0.48
ONE CARBON POOL BY FOLATE 17 0 0.00% 0.49 0.14 0.33 0.47 0.18 0.36 0.52 0.49 0.51 0.41 0.39 0.39
TYROSINE METABOLISM 42 0 0.00% 0.48 0.14 0.30 0.36 0.12 0.24 0.41 0.36 0.33 0.42 0.36 0.37
STEROID BIOSYNTHESIS 17 0 0.00% 0.48 0.19 0.30 0.47 0.26 0.35 0.46 0.40 0.41 0.53 0.43 0.45
GLUTATHIONE METABOLISM 50 0 0.00% 0.48 0.11 0.30 0.30 0.00 0.18 0.47 0.45 0.45 0.36 0.31 0.29
GLYCINE SERINE AND THREONINE METABOLISM 31 0 0.00% 0.47 0.09 0.30 0.44 0.17 0.32 0.54 0.46 0.50 0.47 0.40 0.40
LYSINE DEGRADATION 44 0 0.00% 0.47 0.15 0.27 0.36 0.18 0.24 0.47 0.41 0.43 0.53 0.50 0.51
VALINE LEUCINE AND ISOLEUCINE DEGRADATION 44 0 0.00% 0.47 0.07 0.25 0.35 0.08 0.20 0.47 0.41 0.48 0.36 0.21 0.26
AMINOACYL TRNA BIOSYNTHESIS 41 0 0.00% 0.47 0.15 0.31 0.47 0.26 0.34 0.52 0.47 0.50 0.42 0.44 0.50
REGULATION OF ACTIN CYTOSKELETON 216 0 0.00% 0.47 0.11 0.26 0.31 0.05 0.16 0.18 0.24 0.17 0.21 0.27 0.19
PANCREATIC CANCER 70 15 21.43% 0.46 0.30 0.35 0.40 0.43 0.40 0.18 0.23 0.16 0.07 0.14 0.06
NEUROTROPHIN SIGNALING PATHWAY 126 9 7.14% 0.46 0.09 0.25 0.32 0.07 0.17 0.38 0.38 0.39 0.20 0.10 0.20
PPAR SIGNALING PATHWAY 69 0 0.00% 0.45 0.28 0.36 0.50 0.22 0.39 0.13 0.17 0.11 0.34 0.25 031
COLORECTAL CANCER 62 10 16.13% 0.45 0.16 0.27 0.41 0.23 0.31 0.38 0.39 0.37 0.57 0.52 0.52
HISTIDINE METABOLISM 29 0 0.00% 0.45 0.08 0.25 0.38 0.14 0.24 0.39 0.32 0.31 0.33 0.22 0.20
TRYPTOPHAN METABOLISM 40 0 0.00% 0.45 0.03 0.23 0.37 -0.01 0.17 0.41 0.32 0.32 0.38 0.19 0.28
PYRUVATE METABOLISM 40 0 0.00% 0.44 0.13 0.31 0.33 0.13 0.27 0.40 0.39 0.38 0.06 -0.02 0.04
NON HOMOLOGOUS END JOINING 14 2 14.29% 0.44 0.29 0.35 0.45 0.31 0.37 0.36 0.32 0.36 0.46 0.48 0.49
NUCLEOTIDE EXCISION REPAIR 44 4 9.09% 0.44 0.30 0.42 0.34 0.25 0.36 0.38 0.38 0.38 0.45 0.54 0.49
SELENOAMINO ACID METABOLISM 26 0 0.00% 0.44 0.25 0.34 0.41 0.29 0.35 0.21 0.25 0.24 0.48 0.44 0.46
PARKINSONS DISEASE 133 0 0.00% 0.42 0.17 0.22 0.17 0.15 0.24 0.28 0.25 0.24 0.43 0.36 0.39
CHRONIC MYELOID LEUKEMIA 73 21 28.77% 0.42 0.16 0.23 0.28 0.23 0.22 0.20 0.21 0.17 0.51 0.49 0.49
PROTEASOME 48 0 0.00% 0.41 0.02 0.24 0.20 0.22 0.15 0.47 0.35 0.43 0.28 0.19 0.25
RNA POLYMERASE 29 0 0.00% 0.41 0.24 0.39 0.45 0.36 0.51 0.31 0.32 0.33 0.40 0.42 0.42
TERPENOID BACKBONE BIOSYNTHESIS 15 0 0.00% 0.41 0.15 0.30 0.42 0.28 0.37 0.07 0.04 0.06 0.08 0.14 0.18
GLIOMA 65 11 16.92% 0.40 0.14 0.21 0.46 0.29 0.35 0.05 0.13 0.02 -0.04 0.01 -0.09
MELANOMA 71 11 15.49% 0.39 0.18 0.21 0.41 0.27 0.31 0.24 0.31 0.22 0.12 0.18 0.10
CIRCADIAN RHYTHM MAMMAL 13 0 0.00% 0.39 0.17 0.35 0.19 0.07 0.12 0.32 0.35 0.33 0.13 0.16 0.20
LYSOSOME 121 0 0.00% 0.39 -0.05 0.17 0.21 -0.03 0.03 0.13 0.12 0.15 -0.10 -0.04 -0.07
GLYOXYLATE AND DICARBOXYLATE METABOLISM 16 0 0.00% 0.39 0.13 0.27 0.44 0.23 0.35 0.51 0.47 0.51 0.45 0.38 0.44
SPLICEOSOME 128 0 0.00% 0.39 0.12 0.33 0.17 0.02 0.19 0.43 0.39 0.42 0.56 0.58 0.58
ARGININE AND PROLINE METABOLISM 54 0 0.00% 0.39 0.11 0.21 0.28 0.19 0.21 0.37 0.32 0.30 -0.27 -0.19 -0.19
FOLATE BIOSYNTHESIS 11 0 0.00% 0.39 0.15 0.30 0.33 0.09 0.28 0.46 0.43 0.48 0.37 0.35 0.42
GLYCOLYSIS GLUCONEOGENESIS 62 0 0.00% 0.39 0.03 0.27 0.29 0.23 0.26 0.45 0.45 0.46 0.43 0.38 0.39
ARACHIDONIC ACID METABOLISM 58 0 0.00% 0.38 0.32 0.34 0.16 0.01 0.14 0.24 0.27 0.20 -0.04 -0.02 -0.08
APOPTOSIS 88 3 3.41% 0.38 0.01 0.23 0.14 -0.13 -0.03 0.23 0.25 0.16 0.02 0.04 -0.02
AMYOTROPHIC LATERAL SCLEROSIS ALS 53 1 1.89% 0.37 -0.02 0.18 0.35 0.34 0.32 0.46 0.43 0.45 0.39 0.42 0.35
PENTOSE PHOSPHATE PATHWAY 27 0 0.00% 0.37 0.07 0.23 0.27 0.05 0.21 0.42 0.42 0.44 0.29 0.24 0.30
VIBRIO CHOLERAE INFECTION 56 0 0.00% 0.37 0.09 0.22 0.05 0.04 0.07 0.17 0.21 0.15 -0.11 -0.16 -0.18



PHENYLALANINE METABOLISM

FRUCTOSE AND MANNOSE METABOLISM

TYPE Il DIABETES MELLITUS

ALDOSTERONE REGULATED SODIUM REABSORPTION
PATHOGENIC ESCHERICHIA COLI INFECTION

JAK STAT SIGNALING PATHWAY

CITRATE CYCLE TCA CYCLE

RENIN ANGIOTENSIN SYSTEM

AMINO SUGAR AND NUCLEOTIDE SUGAR METABOLISM
N GLYCAN BIOSYNTHESIS

LIMONENE AND PINENE DEGRADATION

NON SMALL CELL LUNG CANCER

NOTCH SIGNALING PATHWAY

GALACTOSE METABOLISM

GAP JUNCTION

RIBOFLAVIN METABOLISM

ALZHEIMERS DISEASE

TOLL LIKE RECEPTOR SIGNALING PATHWAY

ALPHA LINOLENIC ACID METABOLISM

HEDGEHOG SIGNALING PATHWAY

CARDIAC MUSCLE CONTRACTION

NITROGEN METABOLISM

FOCAL ADHESION

RETINOL METABOLISM

CYTOKINE CYTOKINE RECEPTOR INTERACTION
CHEMOKINE SIGNALING PATHWAY

SNARE INTERACTIONS IN VESICULAR TRANSPORT
SYSTEMIC LUPUS ERYTHEMATOSUS

LINOLEIC ACID METABOLISM

LONG TERM DEPRESSION

OXIDATIVE PHOSPHORYLATION

DRUG METABOLISM OTHER ENZYMES

B CELL RECEPTOR SIGNALING PATHWAY

TIGHT JUNCTION

LEUKOCYTE TRANSENDOTHELIAL MIGRATION

T CELL RECEPTOR SIGNALING PATHWAY

TGF BETA SIGNALING PATHWAY
GLYCOSAMINOGLYCAN DEGRADATION

FC GAMMA R MEDIATED PHAGOCYTOSIS
ASCORBATE AND ALDARATE METABOLISM
MATURITY ONSET DIABETES OF THE YOUNG
NICOTINATE AND NICOTINAMIDE METABOLISM
ADIPOCYTOKINE SIGNALING PATHWAY

ERBB SIGNALING PATHWAY

MTOR SIGNALING PATHWAY

RIG | LIKE RECEPTOR SIGNALING PATHWAY
RIBOSOME

NATURAL KILLER CELL MEDIATED CYTOTOXICITY
PORPHYRIN AND CHLOROPHYLL METABOLISM
MAPK SIGNALING PATHWAY

ACUTE MYELOID LEUKEMIA

PRIMARY IMMUNODEFICIENCY

PROTEIN EXPORT

EPITHELIAL CELL SIGNALING IN HELICOBACTER PYLORI INFECTION
BIOSYNTHESIS OF UNSATURATED FATTY ACIDS
PENTOSE AND GLUCURONATE INTERCONVERSIONS
GLYCOSPHINGOLIPID BIOSYNTHESIS GANGLIO SERIES
ANTIGEN PROCESSING AND PRESENTATION
CYTOSOLIC DNA SENSING PATHWAY

CELL ADHESION MOLECULES CAMS

ALANINE ASPARTATE AND GLUTAMATE METABOLISM
DORSO VENTRAL AXIS FORMATION
GLYCOSPHINGOLIPID BIOSYNTHESIS LACTO AND NEOLACTO SERIES
AUTOIMMUNE THYROID DISEASE

18
34
47
42
59
155
32
17
44
46
10
54
47
26
90
16
169
102
19
56
80
23
201
64
267
190
38
140
29
70
135
51
75
134
118
108
86
21
97
25
25
24
67
87
52
71
88
137
41
267
60
35
24
68
22
28
15
89
56
134
32
25
26
53
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0.00%
0.00%
0.00%
2.38%
5.08%
3.87%
0.00%
0.00%
0.00%
0.00%
0.00%
16.67%
8.51%
0.00%
1.11%
0.00%
0.59%
0.00%
0.00%
1.79%
0.00%
0.00%
1.99%
0.00%
1.12%
0.53%
0.00%
0.00%
0.00%
0.00%
0.00%
0.00%
1.33%
0.75%
0.00%
1.85%
22.09%
0.00%
0.00%
0.00%
0.00%
0.00%
0.00%
5.75%
0.00%
0.00%
0.00%
0.00%
0.00%
3.37%
5.00%
0.00%
0.00%
0.00%
0.00%
0.00%
0.00%
0.00%
0.00%
0.00%
0.00%
0.00%
0.00%
0.00%

0.36
0.35
0.35
0.34
0.33
0.33
0.33
0.30
0.30
0.30
0.30
0.30
0.29
0.28
0.28
0.27
0.27
0.27
0.26
0.26
0.25
0.25
0.25
0.25
0.25
0.25
0.24
0.22
0.22
0.20
0.20
0.20
0.19
0.19
0.19
0.19
0.18
0.17
0.17
0.16
0.15
0.14
0.14
0.14
0.14
0.14
0.13
0.12
0.12
0.11
0.11
0.11
0.10
0.10
0.10
0.10
0.09
0.09
0.09
0.08
0.08
0.08
0.08
0.08

0.06
0.11
0.00
0.14
-0.09
0.07
0.10
0.16
0.02
0.28
0.01
0.10
0.07
-0.03
0.00
0.04
0.01
-0.12
0.14
-0.03
0.34
0.22
0.35
0.35
-0.15
-0.18
0.29
0.10
-0.02
0.07
0.23
0.19
-0.13
0.40
0.23
-0.18
0.29
-0.13
-0.22
0.12
0.07
-0.04
0.35
0.20
0.27
0.05
0.10
-0.27
0.09
0.27
0.29
-0.27
0.07
0.38
0.14
0.23
0.04
-0.26
-0.17
-0.26
-0.03
0.36
0.01
-0.16

0.20
0.25
0.15
0.24
0.17
0.14
0.20
0.20
0.18
0.32
0.11
0.11
0.22
0.18
0.15
0.21
0.13
0.04
0.23
0.13
0.28
0.28
0.23
0.28
0.01
0.02
0.21
0.20
0.16
0.07
0.25
0.24
-0.04
0.26
0.13
-0.06
0.16
0.11
-0.01
0.12
0.11
-0.03
0.26
0.10
0.12
0.05
0.18
-0.10
0.18
0.08
0.12
-0.11
0.09
0.23
0.07
0.19
0.11
-0.09
-0.03
-0.10
0.06
0.16
0.10
-0.07

0.35
0.34
0.25
0.32
0.23
0.24
0.14
0.33
0.26
0.05
0.06
0.29
0.34
0.24
0.43
0.27
0.23
0.22
0.21
0.38
0.35
0.35
0.28
0.21
0.19
0.20
0.16
0.14
0.12
-0.06
0.18
0.37
0.14
0.28
0.23
0.13
0.21
0.11
0.18
0.20
0.20
0.15
0.37
0.11
0.16
0.17
-0.04
0.07
0.23
0.38
0.06
0.02
0.19
0.17
0.03
0.28
0.09
0.01
0.09
0.05
0.23
0.09
0.14
0.03

0.09
0.14
0.03
0.12
-0.06
-0.03
0.04
0.24
0.09
0.05
-0.05
0.20
0.15
0.02
0.29
0.14
0.19
-0.15
0.06
0.16
0.14
0.07
0.34
0.26
-0.16
-0.16
0.22
0.06
-0.02
0.17
0.16
0.21
-0.14
0.36
0.02
-0.19
031
-0.11
0.10
0.12
0.09
-0.06
0.32
0.28
0.29
0.07
-0.07
-0.26
0.19
0.17
0.21
-0.31
0.03
0.17
0.05
0.32
0.04
-0.30
-0.06
-0.26
0.06
031
0.03
-0.23

0.23
0.23
0.09
0.24
0.12
0.06
0.01
0.25
0.15
0.11
-0.03
0.19
0.33
0.12
0.35
0.21
0.28
0.03
0.20
0.26
0.31
0.27
0.29
0.21
0.02
0.01
0.19
0.11
0.11
0.02
0.24
0.28
-0.04
0.30
0.08
-0.06
0.21
0.05
0.08
0.15
0.12
0.05
031
0.16
0.15
0.05
0.01
-0.10
0.26
0.24
0.09
-0.15
0.16
0.12
-0.02
0.29
0.12
-0.15
0.00
-0.10
0.13
0.19
0.12
-0.12

0.33
0.05
0.38
0.33
0.23
0.23
0.33
0.25
0.26
0.34
0.01
0.00
0.34
0.12
0.25
0.18
0.23
0.22
-0.16
0.08
-0.06
0.41
0.26
0.15
0.17
0.13
0.42
0.38
0.04
0.02
0.20
0.48
0.06
0.24
0.16
0.02
0.26
0.14
0.05
0.22
0.09
0.40
0.19
-0.04
0.16
0.01
0.08
0.01
0.18
0.27
0.09
0.00
0.33
0.00
-0.22
0.31
0.35
0.28
0.38
0.19
0.49
0.03
-0.08
0.01

0.25
0.02
0.36
0.37
0.22
0.29
0.37
0.29
0.28
0.34
-0.02
0.06
0.35
0.06
0.32
0.20
0.21
0.15
-0.10
0.12
-0.03
0.39
0.34
0.26
0.23
0.21
0.36
0.32
0.08
0.10
0.18
0.43
0.12
0.29
0.25
0.08
0.29
0.03
0.12
0.20
0.02
0.33
0.22
0.00
0.23
-0.01
0.13
0.10
0.18
0.33
0.06
-0.06
0.24
0.06
-0.17
0.30
0.33
0.21
0.35
0.24
0.43
0.08
-0.04
-0.08

0.24
0.02
0.39
0.34
0.18
0.20
0.37
0.23
0.33
0.37
-0.04
-0.03
0.33
0.08
0.25
0.22
0.18
0.20
-0.17
0.03
-0.10
0.43
0.26
0.21
0.13
0.11
0.38
031
0.03
0.03
0.16
0.42
0.03
0.23
0.16
0.00
0.27
0.07
0.01
0.22
0.04
0.39
0.16
-0.06
0.18
0.04
0.09
-0.02
0.23
0.25
-0.01
0.06
0.27
-0.02
-0.25
0.30
0.33
0.29
0.40
0.14
0.47
0.01
-0.14
-0.01

0.30
0.19
0.33
0.11
-0.21
0.19
0.37
0.41
0.30
0.25
0.11
0.06
0.38
0.16
-0.07
-0.07
0.51
0.25
-0.14
-0.13
-0.18
0.33
0.00
0.38
0.18
0.18
0.33
0.14
-0.12
0.01
0.03
0.48
-0.10
0.18
0.36
0.04
-0.04
0.28
-0.12
-0.13
0.27
0.13
0.05
0.09
0.44
-0.07
0.18
0.47
-0.02
0.50
0.24
0.04
0.39
-0.16
0.08
0.27
-0.07
-0.06
0.22
-0.01
0.26
-0.06
-0.07
0.12

0.20
0.19
0.22
0.19
-0.17
0.21
031
0.34
0.30
0.24
0.02
-0.01
0.37
0.12
0.02
0.04
0.48
0.12
-0.13
-0.05
-0.13
0.41
-0.09
0.40
0.23
0.06
0.28
0.12
-0.14
0.03
0.05
0.43
-0.14
0.10
0.45
-0.07
-0.11
0.12
-0.06
-0.10
0.25
0.14
0.15
0.04
0.48
-0.11
0.23
0.34
0.04
0.52
0.23
-0.06
0.32
-0.10
0.00
0.27
-0.07
-0.13
0.18
-0.07
0.24
0.00
-0.03
0.24

0.19
0.19
0.29
0.10
-0.24
0.13
0.34
0.40
0.32
0.23
0.08
-0.04
0.32
0.19
-0.04
0.05
0.50
0.22
-0.15
-0.15
-0.21
0.34
-0.05
0.39
0.12
0.14
0.28
0.13
-0.17
-0.03
-0.02
0.44
-0.13
0.08
0.34
0.02
-0.11
0.19
-0.16
-0.12
0.28
0.11
0.05
-0.01
0.44
-0.04
0.20
0.36
0.03
0.48
0.15
0.08
0.35
-0.18
-0.01
0.27
-0.09
-0.03
0.22
-0.02
0.30
-0.08
-0.11
0.13



AXON GUIDANCE

INOSITOL PHOSPHATE METABOLISM
GLYCOSAMINOGLYCAN BIOSYNTHESIS CHONDROITIN SULFATE
HYPERTROPHIC CARDIOMYOPATHY HCM

GLYCEROLIPID METABOLISM
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ACCEPTED MANUSCRIPT

O GLYCAN BIOSYNTHESIS 30 0 0.00% -0.32 -0.04 -0.18 -0.22 -0.05 -0.11 0.22 0.23 0.17 -0.13 -0.15 -0.13



Correlations between the Pathifier score of each Reactome pathway and three CIN measurements in the four breast cancer cohorts
Note:

1. Overlap = length of the overlap with the CELL CYCLE pathway in Reactome

2. Percentage = percentage of the overlap with the CELL CYCLE pathway in Reactome

Pathway Name Length Overlap Percentage METABRIC Discovery Cohort METABRIC Validation Cohort TCGA RNA-seq Cohort TCGA Microarray Cohort
No. of breaks Gl No. of amplified/deleted genes No. of breaks Gll No. of amplified/deleted genes No. of breaks Gl No. of amplified/deleted genes No. of breaks Gll No. of amplified/deleted genes

CELL CYCLE 421 421 100.00% 0.65 0.32 0.45 0.59 0.36 0.50 0.63 0.57 0.59 0.57 0.52 0.52
CELL CYCLE MITOTIC 325 325 100.00% 0.64 0.32 0.45 0.62 0.36 0.51 0.65 0.59 0.61 0.57 0.52 0.52
MITOTIC G2 G2 M PHASES 81 81 100.00% 0.64 033 0.44 0.56 0.36 0.48 0.59 0.50 0.53 0.57 0.52 0.53
LOSS OF NLP FROM MITOTIC CENTROSOMES 59 59 100.00% 0.64 0.33 0.46 0.33 0.28 0.26 0.64 0.57 0.59 0.55 0.48 0.54
DNA REPLICATION 192 192 100.00% 0.64 031 0.44 0.62 0.36 0.51 0.65 0.59 0.61 0.57 0.52 0.52
MITOTIC M M G1 PHASES 172 172 100.00% 0.64 031 0.44 0.62 0.35 0.50 0.65 0.58 0.60 0.57 0.51 0.51
MITOTIC PROMETAPHASE 87 87 100.00% 0.64 033 0.44 0.60 0.36 0.50 0.63 0.58 0.59 0.55 0.50 0.50
RECRUITMENT OF MITOTIC CENTROSOME PROTEINS AND COMPLEXES 66 66 100.00% 0.63 0.32 0.47 0.27 0.10 0.27 0.43 0.38 0.41 0.54 0.51 0.53
CELL CYCLE CHECKPOINTS 124 124 100.00% 0.63 0.29 0.44 0.49 0.24 0.41 0.52 0.45 0.50 0.58 0.53 0.53
MHC CLASS Il ANTIGEN PRESENTATION 91 14 15.38% 0.63 0.26 0.43 0.41 0.13 0.30 0.39 0.35 0.40 0.55 0.49 0.49
SIGNALING BY SCF KIT 78 5 6.41% 0.62 035 0.48 031 0.08 0.16 0.09 0.12 0.06 0.46 0.38 0.41
FACTORS INVOLVED IN MEGAKARYOCYTE DEVELOPMENT AND PLATELET PRODUCTION 132 13 9.85% 0.62 0.32 0.44 0.62 0.38 0.51 0.32 0.34 0.34 0.56 0.51 0.50
INHIBITION OF THE PROTEOLYTIC ACTIVITY OF APC C REQUIRED FOR THE ONSET OF ANAPHASE BY MITOTIC SPINDLE CHECKPOINT COMPONENTS 24 24 100.00% 0.62 031 0.46 0.53 0.27 0.45 0.46 0.42 0.40 0.57 0.49 0.50
REGULATION OF MITOTIC CELL CYCLE 85 85 100.00% 0.62 0.25 0.44 0.48 0.20 0.38 0.51 0.41 0.47 0.59 0.50 0.52
APC CDC20 MEDIATED DEGRADATION OF NEK2A 28 28 100.00% 0.62 035 0.48 0.56 0.34 0.49 037 031 0.32 0.56 0.49 0.51
MITOTIC G1 G1S PHASES 137 137 100.00% 0.62 0.29 0.43 0.61 0.33 0.49 0.59 0.54 0.57 0.56 0.52 0.53
KINESINS 24 6 25.00% 0.62 0.34 0.43 0.60 0.39 0.51 0.56 0.53 0.51 0.54 0.49 0.47
CYCLIN A B1 ASSOCIATED EVENTS DURING G2 M TRANSITION 15 15 100.00% 0.61 033 0.42 0.60 0.38 0.50 0.59 0.54 0.57 0.56 0.50 0.50
GO AND EARLY G1 25 25 100.00% 0.61 0.30 0.42 0.60 0.34 0.49 0.60 0.55 0.56 0.56 0.51 0.53
METABOLISM OF NUCLEOTIDES 72 3 4.17% 0.61 0.29 0.44 0.46 0.23 038 0.41 0.34 0.36 0.53 0.47 0.47
HIV LIFE CYCLE 125 17 13.60% 0.61 0.32 0.44 -0.08 0.03 0.03 0.36 033 0.34 0.57 0.54 0.54
G2 M CHECKPOINTS 45 45 100.00% 0.60 0.32 0.41 0.57 0.38 0.49 0.58 0.56 0.56 0.56 0.53 0.52
SYNTHESIS OF DNA 92 92 100.00% 0.60 0.28 0.43 0.57 0.30 0.46 0.60 0.53 0.56 0.57 0.55 0.55
E2F MEDIATED REGULATION OF DNA REPLICATION 35 35 100.00% 0.60 0.28 0.41 0.55 033 0.45 0.59 0.56 0.56 0.52 0.49 0.47
APC C CDH1 MEDIATED DEGRADATION OF CDC20 AND OTHER APC C CDH1 TARGETED PROTEINS IN LATE MITOSIS EARLY G1 72 72 100.00% 0.60 0.22 0.42 0.44 0.16 035 0.48 0.38 0.44 0.60 0.49 0.53
G1 S SPECIFIC TRANSCRIPTION 19 19 100.00% 0.59 0.25 039 0.58 0.30 0.44 0.60 0.55 0.55 0.52 0.47 0.46
ACTIVATION OF ATR IN RESPONSE TO REPLICATION STRESS 38 38 100.00% 0.59 031 0.39 0.55 037 0.47 0.58 0.56 0.56 0.55 0.53 0.52
APC C CDC20 MEDIATED DEGRADATION OF CYCLIN B 26 26 100.00% 0.59 033 0.44 0.46 0.32 0.42 0.39 0.34 035 0.56 0.49 0.51
M G1 TRANSITION 81 81 100.00% 0.59 0.25 0.40 0.56 0.27 0.43 0.44 037 0.43 0.56 0.52 0.52
DNA REPAIR 112 29 25.89% 0.58 0.39 0.51 0.01 0.15 0.04 0.37 0.34 035 0.52 0.53 0.52
SLC MEDIATED TRANSMEMBRANE TRANSPORT 241 7 2.90% 0.58 0.20 0.36 0.23 0.30 0.23 -0.23 -0.17 -0.26 -0.01 -0.03 -0.10
ASSEMBLY OF THE PRE REPLICATIVE COMPLEX 65 65 100.00% 0.58 0.22 0.38 0.52 0.21 039 0.58 0.44 0.50 0.57 0.51 0.52
G2 M DNA DAMAGE CHECKPOINT 12 12 100.00% 0.57 0.38 0.47 0.57 0.43 0.54 0.54 0.50 0.52 0.51 0.50 0.49
G1 PHASE 38 38 100.00% 0.57 0.27 0.36 0.48 031 037 0.54 0.50 0.50 0.51 0.44 0.46
ASSOCIATION OF LICENSING FACTORS WITH THE PRE REPLICATIVE COMPLEX 14 14 100.00% 0.57 0.25 0.37 0.54 0.30 0.40 0.58 0.54 0.55 0.53 0.50 0.49
FANCONI ANEMIA PATHWAY 25 9 36.00% 0.56 0.46 0.48 0.53 0.42 0.50 0.43 0.47 0.45 0.48 0.50 0.49
RNA POL Il TRANSCRIPTION 105 3 2.86% 0.56 0.37 0.49 0.47 031 0.43 0.40 0.36 0.40 0.56 0.54 0.56
APC C CDC20 MEDIATED DEGRADATION OF MITOTIC PROTEINS 73 73 100.00% 0.56 0.19 038 0.20 0.17 0.13 0.53 0.41 0.47 0.57 0.48 0.51
APOPTOSIS 148 53 35.81% 0.56 0.19 0.41 0.20 013 0.09 0.48 0.41 0.46 0.52 0.39 0.44
ACTIVATION OF THE PRE REPLICATIVE COMPLEX 31 31 100.00% 0.56 0.30 037 0.55 0.36 0.45 0.56 0.54 0.54 0.56 0.53 0.53
PHOSPHORYLATION OF THE APC C 23 23 100.00% 0.56 035 0.44 0.53 0.34 0.47 0.47 0.43 0.43 0.56 0.51 0.51
DEADENYLATION DEPENDENT MRNA DECAY 48 0 0.00% 0.56 0.33 0.49 0.53 0.40 0.49 0.38 0.36 037 0.42 0.33 033
LATE PHASE OF HIV LIFE CYCLE 104 15 14.42% 0.56 0.23 0.39 0.50 031 0.40 035 0.32 0.34 0.55 0.56 0.56
GLUCOSE TRANSPORT 38 7 18.42% 0.55 0.26 038 0.48 0.25 035 0.50 0.46 0.51 0.48 0.50 0.52
SIGNALLING BY NGF 217 19 8.76% 0.55 0.18 0.36 035 0.26 0.28 0.42 0.41 0.43 0.40 0.40 0.36
DNA STRAND ELONGATION 30 30 100.00% 0.55 0.32 039 0.52 0.36 0.45 0.56 0.56 0.55 0.52 0.56 0.54
EXTENSION OF TELOMERES 27 27 100.00% 0.55 0.36 0.45 0.47 035 0.48 0.52 0.55 0.54 0.45 0.52 0.49
CYCLIN E ASSOCIATED EVENTS DURING G1 S TRANSITION 65 65 100.00% 0.55 0.19 039 0.46 0.19 037 0.51 0.43 0.49 0.57 0.47 0.50
G1S TRANSITION 112 112 100.00% 0.55 0.27 0.36 0.52 0.26 0.42 0.62 0.55 0.58 0.57 0.52 0.52
HEMOSTASIS 466 23 4.94% 0.54 0.22 033 0.39 0.10 0.22 0.26 0.34 0.26 0.57 0.50 0.53
E2F ENABLED INHIBITION OF PRE REPLICATION COMPLEX FORMATION 10 10 100.00% 0.54 0.32 0.39 0.51 0.36 0.45 0.57 0.55 0.55 0.49 0.49 0.49
PROTEIN FOLDING 53 4 7.55% 0.53 0.37 0.50 0.43 0.27 0.42 0.50 0.43 0.48 0.60 0.50 0.55
INTERACTIONS OF VPR WITH HOST CELLULAR PROTEINS 33 7 21.21% 0.53 0.17 0.36 0.46 0.21 0.34 0.49 0.44 0.47 0.48 0.49 0.51
LAGGING STRAND SYNTHESIS 19 19 100.00% 0.53 0.33 0.42 0.51 0.36 0.49 0.51 0.54 0.53 0.44 0.51 0.49
ANTIGEN PROCESSING UBIQUITINATION PROTEASOME DEGRADATION 212 71 33.49% 0.53 0.19 0.38 0.48 0.23 0.32 0.42 037 0.42 0.11 013 0.08
TRANSPORT OF RIBONUCLEOPROTEINS INTO THE HOST NUCLEUS 27 7 25.93% 0.52 0.21 037 0.48 0.23 0.38 0.38 0.28 0.32 0.47 0.50 0.51
GLOBAL GENOMIC NER GG NER 35 18 51.43% 0.52 0.38 0.48 0.40 0.29 0.42 0.42 0.43 0.44 0.44 0.54 0.49
APOPTOTIC CLEAVAGE OF CELLULAR PROTEINS 40 2 5.00% 0.52 0.16 033 0.46 0.20 036 0.00 0.04 -0.03 0.35 0.30 031
CHROMOSOME MAINTENANCE 122 122 100.00% 0.52 0.34 0.42 0.41 031 0.37 0.25 0.20 0.21 0.42 037 0.37
RECYCLING PATHWAY OF L1 27 0 0.00% 0.52 0.32 038 0.42 031 0.32 0.24 0.28 0.22 0.52 0.44 0.41
NUCLEOTIDE EXCISION REPAIR 51 18 35.29% 0.52 033 0.48 0.44 0.29 0.44 0.42 0.42 0.42 0.48 0.54 0.51
CDC6 ASSOCIATION WITH THE ORC ORIGIN COMPLEX 11 11 100.00% 0.52 0.18 031 0.25 0.14 0.24 0.58 0.56 0.57 0.53 0.50 0.49
MICRORNA MIRNA BIOGENESIS 23 0 0.00% 0.52 0.19 0.38 0.42 0.24 0.35 0.34 0.34 0.34 0.54 0.54 0.56
PREFOLDIN MEDIATED TRANSFER OF SUBSTRATE TO CCT TRIC 28 4 14.29% 0.52 0.29 0.43 0.47 0.22 0.40 0.63 0.53 0.57 0.55 0.48 0.51
TRANSPORT OF MATURE MRNA DERIVED FROM AN INTRONLESS TRANSCRIPT 33 7 21.21% 0.52 0.20 0.38 0.44 0.22 0.39 0.48 0.46 0.47 0.50 0.50 0.51
TRANSCRIPTIONAL REGULATION OF WHITE ADIPOCYTE DIFFERENTIATION 72 2 2.78% 0.52 0.24 0.36 0.03 0.20 0.06 0.29 0.28 031 0.22 0.19 0.17
REGULATION OF GLUCOKINASE BY GLUCOKINASE REGULATORY PROTEIN 27 7 25.93% 0.51 0.20 0.36 0.45 0.20 0.36 0.45 0.45 0.46 0.48 0.51 0.51
UNWINDING OF DNA 1 11 100.00% 0.51 0.27 0.32 0.52 0.34 0.41 0.55 0.53 0.52 0.52 0.53 0.52
MRNA SPLICING 11 1 0.90% 0.51 0.30 0.47 0.32 0.11 0.30 0.47 0.41 0.44 0.58 0.53 0.54
METABOLISM OF CARBOHYDRATES 247 14 5.67% 0.51 0.26 0.34 0.44 0.30 035 0.21 0.26 0.20 0.55 0.49 0.51
POL SWITCHING 13 13 100.00% 0.51 0.34 0.43 0.48 035 0.48 0.53 0.54 0.53 0.42 0.50 0.48
GLUCOSE METABOLISM 69 7 10.14% 0.51 0.24 036 -0.05 0.13 0.01 0.44 0.44 0.45 0.41 0.39 0.40
SYNTHESIS AND INTERCONVERSION OF NUCLEOTIDE DI AND TRIPHOSPHATES 19 1 5.26% 0.51 0.25 0.42 0.38 0.19 0.32 037 0.32 0.34 0.50 0.41 0.41
ORC1 REMOVAL FROM CHROMATIN 67 67 100.00% 0.51 0.13 0.34 0.17 0.16 0.10 0.51 0.41 0.47 0.56 0.45 0.48

REGULATION OF MRNA STABILITY BY PROTEINS THAT BIND AU RICH ELEMENTS 84 47 55.95% 0.51 0.17 0.35 0.32 0.26 0.24 0.46 0.37 0.42 0.45 0.36 0.39
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