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Abstract

The genomic complexity and heterogeneity of high-grade serous ovarian cancer (HGSOC)
has hampered the realisation of successful therapies and effective personalised treatment is
an unmet clinical need. Here we show that primary HGSOC spheroid models can be used to
predict drug response and use them to demonstrate that somatic copy number alterations
(SCNAs) in frequently amplified HGSOC cancer genes significantly correlate with gene
expression and drug response. These genes are often located in areas of the genome with
frequent clonal SCNAs. MYC chromosomal copy number is associated with ex-vivo and
clinical response to paclitaxel and ex-vivo response to mTORC1/2 inhibition. Activation of
the mTOR survival pathway in the context to MYC-amplified HGSOC is mostly due to
increased prevalence of SCNAs in genes from the PI3K pathway. These results suggest that
SCNAs encompassing driver genes could be used to inform therapeutic response in the
context of clinical trials testing personalised medicines.
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Main

Progressing precision medicine for high grade serous ovarian carcinoma (HGSOC) has been
significantly impeded by its highly heterogeneous nature, driven by chromosomal instability
(CIN) resulting in divergent evolution (1, 2). Homologous recombination deficiency (HRD) is
the commonest actionable mutational state, notably from germline or somatic deleterious
BRCA1 and BRCA2 mutations, and routine use of PARP maintenance therapy has
significantly extended progression-free survival(3, 4). PARP therapy targets a loss of function
phenotype exploiting synthetic lethality but biomarker-driven approaches to identify and
target gain of function drivers have not been clinically developed.

The frequency of nucleotide substitutions that are “actionable” in HGSOC is ~1% and the
vast majority of genomic changes are structural variants, with high frequency of somatic
chromosomal number alterations (SCNAs). Recurrent patterns of SCNAs can be identified
across multiple tumours(5, 6) as a result of distinct ordering throughout tumour evolution
or parallel selection (6-8). Multiregional analysis across 22 tumour types revealed frequent
subclonal focal amplifications in chromosomes 1q (encompassing BCL9 and MCL1), 5p
(TERT), 11qg (CCND1), 19q (CCNE1) and 8q (MYC). MYC, CCNE1, TERT, KRAS and genes from
the PI3K/AKT/mTOR pathway (eg. PIK3CA) are amongst the commonest amplified cancer
genes in HGSOC (2, 9-13).

SCNAs frequently drive gene expression and protein levels (14, 15) and detection of ERBB2
amplification in breast carcinoma is a critically important biomarker for trastuzumab
therapy (16, 17). Bulk gene expression profiling has not provided strong evidence of driver
gene expression owing to common confounding effects from other cells in the tumour
microenvironment (18-20). By contrast, use of bulk sequencing to detect SCNA, even in low
to moderate cellularity cancer specimens, retains high specificity. In HGSOC, SCNA can be
efficiently detected using shallow whole genome sequencing from clinical biopsies (21-24).

We hypothesised that SCNA characterisation in HGSOC might provide specific and clinically
relevant biomarkers for molecularly targeted therapy. Amongst the different cell culture
and animal models developed to interrogate HGSOC biology (25-29), studies using a limited
number of HGSOC organoids and spheroids (cultured and uncultured clusters of primary
ovarian cancer cells from HGSOC patient ascites, respectively) suggested that they could be
used to predict platinum resistance (29, 30). We here show how spheroids represent the
global HGSOC genomic diversity and use them to assess how in-vitro drug response
correlates with clinical response and SCNAs affecting putative HGSOC driver genes (Figure 1,
Supplementary Figure 1 and Table 1).

Recent clinical trials using combinations of chemotherapeutic agents, PARP inhibitors
and/or other targeted therapies in HGSOC and other CIN-driven tumours showed effective
response in a subset of patients(31-33). Mutational characterisation of the tumours did not
distinguish responders from non-responders. Our work demonstrate that SCNAs in putative
driver genes inform how each HGSOC responds to individual targeted therapies and that
sWGS is a crucial tool to predict response in the context of clinical trials for CIN-driven
tumours.


https://doi.org/10.1101/2020.10.04.325365

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.04.325365; this version posted October 12, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Figure 1. A. Summary of study graphically representing question, aims and methods used. B. Timeline with
characterisation of the OVO4 clinical cohort used in this study and time of follow-up for each patient with information
related to patient status at last follow-up, chemotherapy treatment period(s) and cancer type.

Spheroids Tumours
Number of Patients 27 64
Age Median 66.3 65.5
Range 38-90 44-83
Histotype HGSOC 22 (81.5%) 64 (100.0%)
LGSOC 4 (14.8%)
ccoc 1(3.7%)
FIGO Stage | 2 (3.1%)
I 1(3.7%) 1(1.6%)
m 13 (48.1%) 37 (57.8%)
v 13 (48.1%) 19 (29.7%)
Unknown 5(7.8%)
Surgery Type Primary debulking surgery 6 (23.1%) 16 (25.0%)
Interval debulking surgery 13 (50.0%) 44 (68.8%)
Unknown 7 (26.9%) 4 (6.3%)
Surgery Outcome No residual 7 (25.9%) 25 (39.1%)
Residual disease 11 (40.7%) 24 (37.5%)
Unknown 9 (33.3%) 15 (23.4%)
Treatment Alkylating agents (Carboplatin/Cisplatin) 25 (96.2%) 63 (98.4%)
Taxanes (Paclitaxel) 22 (84.6%) 56 (87.5%)
Anthracyclines (Doxorubicin/Epirubicin) 20 (76.9%) 38 (59.4%)
Antimetabolites (Gemcitabine/Capecitabine) 10 (38.5%) 24 (37.5%)
Anti-angiogenetic agent (Bevacizumab) 4 (15.4%) 4 (6.3%)
Other 11 (40.7%) 17 (26.6%)

Table 1. Demographic characterisation of the OVO4 clinical cohort

Results

HGSOC putative driver genes showed strong associations between chromosomal copy
number and gene expression

In order to select a small number of copy number driver genes to test as predictors of drug
response, we first examined the genomic data from the TCGA HGSOC cohort (Figure 2A;
grey shadowing). The GISTIC (“Genomic Identification of Significant Targets in Cancer)”
algorithm was previously used to define recurrent somatic copy number alterations (SCNAs)
across cancers (34, 35). Although strong associations between chromosomal copy number
and gene expression have been shown previously (14, 15), it is unclear if these associations
are stronger in genes defined as cancer drivers. In the TCGA cohort, 2415 genes were
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affected by amplifications or homozygous deletions in more than 5% of the cases. 156/2415
(6.5%) were putative drivers based on external curation in the OncoKB Cancer Gene List
(13). These putative SCNA drivers showed the highest correlation between chromosomal
copy number and gene expression, when compared to non-cancer genes and cancer genes
from OncoKB with <5% SCNAs (Figure 2B). They were also more frequently hypomethylated
when compared with the remaining genes in TCGA HGSOC cohort {Figure 2C) and
methylation was a major determinant of the correlation between chromosomal copy
number and gene expression (Figure 2D).

We further analysed 127 anatomically distinct HGSOC samples from a cohort of 30 cases
with multi-regional sampling(36). We characterized SCNA as clonal if they were present in
all regions from the same individual {(median of 4 samples), and subclonal if present in at
least one but not all regions. Subclonal SCNAs were extremely common and distributed
across the genome (Figure 2E and Supplementary Figure 2). Focal clonal changes were
located in areas of the genome with frequent SCNAs (Figures 2A and E) and involved the
HGSOC drivers PIK3CA, TERT, MYC, KRAS and CCNE1(9).

Figure 2. HGSOC driver genes from the TCGA cohort showed strong associations between chromosomal copy number
and gene expression and were frequently affected by SCNAs in the spheroid cohort. A. Plot showing the prevalence of
chromosomal alterations across the genome in both the TCGA cohort (n=579) and in the cohort of patients with spheroid
samples (n=21). For the spheroid cohort, gain was defined as 3 or 4 chromosomal adjusted copies and amplifications as 5
or more adjusted copies. For the TCGA cohort, categories as available in the TCGA database were used B. Boxplots
showing the Pearson’s correlation scores between gene expression and respective chromosomal copy number for each
gene, split between cancer vs non-cancer genes and prevalent (>5% SCNAs in HGSOC) vs non-prevalent genes. Driver genes
(in the far right; defined as 'cancer genes' that have SCNA alteration frequency in at least 5% of the samples) had the
highest positive correlation scores. Numbers on top of the boxplots correspond to the p-values obtained with Mann—
Whitney-Wilcoxon tests. C. Boxplots showing methylation levels (beta-values) for all genes, split in the same groups as in
panel A. Prevalent non-cancer genes were significantly more methylated than prevalent cancer genes (Mann—Whitney-
Wilcoxon’s p-value: 0.005). D. Plot showing, on the normalised scale, that methylation levels and correlation of
chromosomal copy number and gene expression were associated. E. Frequency of somatic clonal and subclonal copy
number alterations across the genome of 72 regions from 28 HGSOC primary tumours. Gains and losses were classified
relative to ploidy. The plot showing the genomic distribution of the frequency of somatic copy number alterations across
127 regions of both primary tumours and metastases from 30 HGSOC patients is presented in Supplementary figure 2.

Ex-vivo drug response using human spheroids predicted clinical response to the first and
second line chemotherapeutic regimens.

We performed shallow WGS (sWGS) on 26 primary spheroids from women with ovarian
cancer and adequate numbers of vials for functional analysis (Methods; Supplementary
Figures 3A-Z). Twenty-one out of the 26 were HGSOC. In order to assess whether these
spheroid samples were representative of the genomic landscape of HGSOC, we compared
their frequency of SCNAs with the TCGA cohort. The distribution of spheroid SCNA was
similar to the distribution of amplifications and losses from TCGA (Figure 2A).

To test the performance of in vitro drug response from spheroids, we compared it with the
clinical response in patients from whom spheroids were derived. Clinical response measures
have been previously categorized semi-quantitatively (30, 37). In order to define a
continuous variable that integrated all parameters of the degree of response, we compared
variation in serum Cancer Antigen 125 (CA125) levels with radiological response on CT scans
during treatment, as surrogates of histological response to chemotherapy (Supplementary
Figures 3A-Z) (38). The difference between levels of CA125 levels measured in log2 scale at
the time of CT imaging had the best performance as a numerical predictor of CT-inferred
variation in the disease burden (P <<0.001; Figures 3A and 3B and Supplementary Figure 4).
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We quantified cell viability in 26 primary human-derived spheroid samples after 5 days of ex
vivo exposure to eight concentrations of each individual drug. The responses to four
standard of care drugs (oxaliplatin, paclitaxel, doxorubicin and gemcitabine; Figure 3C) were
compared to drug-free control spheroid samples: these were reproducible across technical
and biological replicates and were not influenced by the length of the drug viability assay.
Oxaliplatin was substituted for cisplatin and carboplatin as these are inactivated by DMSO
and produces highly similar cellular effects {39). Area under the curve values (AUC; Fig.3C)
were well correlated with IC50 estimates in drug response plots (Figure 3D). When we
compared those estimates to the observed clinical response in the same patient to the same
drug or class of drugs, we found that the correlation between in vitro and clinical response
was strongest for the combination of platinum-based and paclitaxel therapy compared to
other combinations or isolated platinum or paclitaxel (Figure 3E). Considering that this
combination is the standard first-line treatment for HGSOC, we assessed if the response
correlation was associated with the lines of treatment and found that it is strongest in the
first and second line (Figure 3F).

Figure 3. Ex-vivo drug response in primary spheroid samples is associated with clinical response to chemotherapy. A.
Example of a patient timeline summarising the available clinical data (CA125 levels, chemotherapy cycles, CT scan results);
S: surgery, C: collection, D: death; CT is represented as blue (complete response), green (partial response), yellow (stable
disease) and red (progressive disease). B. Boxplots showing the association between variation in CA125 (measured by the
difference of CA125 values in log 2 scale after and before each chemotherapy cycle) split by categories of CT radiological
response and p-value of the Jonckheere-Terpstra test of association. C. Example of in vitro response to oxaliplatin and
doxorubicin in a spheroid sample. Each dot measures cell viability against the average cell viability of the controls for each
drug concentration after 5 days incubation. The pink line corresponds to the M-spline fit. AUC was obtained by integrating
the drug response M-spline fit over the range of interest on the log scale. Intersection of dotted blue lines indicates IC50.
Dot plot in grey shading indicates control data. D. Scatterplots showing the association between area under the curve
values and IC50 for selected drugs. Each dot represents one sample. Pink dots represent cases where IC50 was not reached
owing to viability <50% at maximum dose Spearman’s Rho correlation estimates are indicated in turquoise. E & F.
Scatterplots showing the clinical responses measured by variation in logarithmic scale of CA125 during each chemotherapy
regimen/line in each patient (y axis) as a function of the in-vitro response to the same drugs, measured by area under the
curve on samples from the same patient (x axis). When combinations of drugs were used in the clinical setting, the
combined AUC was obtained by multiplying AUC for individual drugs; Points are colour-coded by drugs (panel E) or
chemotherapy line numbers (panel F). In panel E, the p-values of the Wald t-tests defining if the slope parameter of linear
mixed models corresponding to each drug are different from 0 are indicated in the legend. In panel F, the mixed model
fitted lines per chemotherapy lines and corresponding 95% confidence intervals (shaded areas) are indicated. The p-values
of the Wald t-tests performing pairwise comparison of the chemotherapy line slopes or comparing the chemotherapy line
slopes to 0 are indicated P: paclitaxel; C: carboplatin; D: doxorubicin; G: gemcitabine; T: targeted inhibitor.

MYC copy number is a predictor of response to paclitaxel both in the ex-vivo spheroid models and
in the clinical setting

Previous genome-wide siRNA screens identified Myc as a paclitaxel sensitizer (40).
Therefore, we tested the hypothesis that the number of MYC copies correlated with
response to paclitaxel and found that higher number of MYC copies was associated with
better response to paclitaxel using the spheroid models (p-value<0.05; Figures 4B and C).
Previous work has shown that topoisomerase inhibition is synthetically lethal in the context
of KRAS mutant colorectal cell lines (41). Gain of KRAS in our HGSOC samples was associated
with better response to doxorubicin in spheroid models (Figure 4D and E). We then
investigated whether these findings could be translated to the clinical setting and showed a
similar correlation between relative copy-number of MYC and magnitude of CA125 change
in response to carboplatin/paclitaxel, respectively, suggesting that MYC amplification could
be a predictive clinical biomarker of response to those drugs {p-value: 0.005; Figure 4F).
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Considering that the number of patients receiving doxorubicin in the first or second line of
chemotherapy is small and the prevalence of KRAS gain and amplification is low
(Supplementary Figures 3A-Z), we were unable to validate the potential KRAS-doxorubicin
association in the clinical setting.

Figure 4. MYC amplification is a dinical biomarker of response to paclitaxel. A. Plot showing an example of genomic
profile (adjusted copy number for each gene) for one HGSOC sample (patient 466). B. Scatterplot showing paclitaxel
response measured by AUC (purple; left y-axis) and IC50 (pink; right y-axis) for all samples ordered by AUC levels. In the
lower bars, we show, for each sample, the histological diagnosis (HGSOC — high-grade serous; LGSOC — low-grade serous;
CCOC —clear cell), the normalised copy number for MYC, PIK3CA, KRAS, CCNE1 and TERT and the ex-vivo variability in the
control and experimental conditions (sigma-c and sigma-e, respectively). Cases with sigma-c or sigma-e above 0.5 were
considered too “noisy” and removed from the analysis in the plots 4C and E. C. Scatterplot and boxplots showing the
associations between response to paclitaxel in vitro (measured by AUC) and MYC relative copy-number (RCN; left plot) and
normalised absolute copy-number (3-level ACN; defined by the absolute numbers normalised for a diploid genome, to
allow comparisons; right plot) P-values corresponding to the presence of a trend (linear model Wald t-test on the left and
Jonkhere-test on the right) are indicated. D. Scatterplot showing doxorubicin response measured in all samples following
the same format as in panel B. E. Association between KRAS RCN and ACN and doxorubicin in vitro response (as in panel C).
F. Scatterplot showing the clinical response to paclitaxel (alone and in combination with carboplatin) as a function of MYC
RCN. The linear mixed model p-value for the trend obtained with or without correcting for are indicated (refer to the
method section for detail).

Copy number of putative driver genes informs response to targeted therapies

In order to further test the hypothesis that SCNAs affecting specific driver genes influence
both tumour behaviour and response to molecularly targeted agents, we correlated the
response to drugs targeting important regulatory genes in PI3K pathway, cell cycle and DNA
repair mechanisms with the SCNAs in frequent HGSOC drivers (MYC, PIK3CA, KRAS, TERT
and CCNE1; Figure 2). First, we found that, despite the significant heterogeneity of response
to the different drugs used, there was a group of spheroid samples that responded similarly
to all the inhibitors targeting the PI3K pathway (Figure 5A). We therefore did a pairwise
comparison between responses to individual drugs. We found that response to inhibitors of
the PI3K pathway correlated better between them than when compared to response to
other drugs, suggesting that targeting the nodal points from the same pathway tend to have
a similar effect on viability of HGSOC spheroids (p-value: 0.0001; Figure 5B). We then
assessed how driver gene SCNAs correlated with response to specific targeted therapies and
showed that previous established knowledge on these driver genes supported the
correlations with drug response observed (Figure 5C). For example, CCNE1 amplification is
frequently present in tumours with competent HR pathways and has been associated with
chemotherapy resistance (42). In the context of HR deficiency, where co-existing CCNE1
amplification is uncommon (43), the ATM pathway is frequently activated. Our spheroid
model not only showed that CCNE1 amplification was associated with platinum-resistance
but also that lower CCNE1 copy number spheroids respond better to ATM inhibition
(AZD0156; Figures 5C-E). In line with previous evidence suggesting cross-talk between
mitogenic Ras/MAPK and survival PI3K/AKT pathways(44), our data also suggested that
KRAS copy number positively correlates with response to AKT inhibition (AZD5363; Figure
5C). Additionally, signalling via the mTOR pathway has also been shown to regulate
translational and post-translational telomerase activity(45) and our data demonstrated that
TERT-amplified HGSOC samples were susceptible to inhibition of PIK3CA, AKT or mTOR
(Figures 5C). Finally, inhibition of mTOR has been shown to be lethal in MYC-driven
haematological tumours. In a previous phase 1 clinical trial combining paclitaxel and the
dual mTORC1/2 inhibitor vistusertib (AZD2014) as a therapeutic strategy for HGSOC, there
was a patient who experienced a complete response in their measurable lesions. The
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tumour lesions in this patient harboured a MYC mutation (33) in the Myc homology-box 2
(MBII), which is a highly preserved region across species and myc isoforms (46, 47). We
therefore assessed the effect of dual m-TORC1/2 inhibition in HGSOC spheroids with MYC-
amplification and showed that they were more sensitive to this targeted inhibition than
tumour samples with neutral copy number (Figures 5F and G, Welch p-value:0.02; Jonkhere
p-value:0.08).

Figure 5. The copy number of important drivers informs response to new targeted therapies. A. Heatmap showing how
each sample responds to each individual drug. Heatmap colours are obtained from a scale based on Z-score for response.
The lower table shows the adjusted copy number for 5 selected genes for each sample. The tricoloured bar on the left
shows the pathways affected by each specific drug. B. Heatmap showing the Spearman’s Rho correlation between in vitro
response to different drugs. Response to drugs affecting the PI3K pathway (pink) tend to be similar (high correlation
values; green triangle), whilst the correlation between response to PI3K drugs and other drugs is much lower (green
square). The p-value corresponding to the non-parametric bootstrap test comparing these two sets of correlations is
indicated. C. Heatmap showing the correlation between copy number in selected genes and drug response measured by
AUC. The tricoloured bar on the left shows the pathways affected by each specific drug. D. Scatterplot showing AZD0156
(p-ATM inhibitor) response measured in each sample following the same format as in Figure 4B. Cases with sigma-c or
sigma-e above 0.5 were considered too “noisy” and removed from the analysis in the plots 5E and G. E. Association
between CCNE1 RCN and ACN and AZD0156 in-vitro response (as in Figure 4C). F. Scatterplot showing AZD2014 (dual
mTOR inhibitor) response measured in all samples following the format in Figure 4B. G. Association between MYC RCN and
ACN and AZD2014 in-vitro response (as in panel 4C) when including (solid line) or excluding (dashed line) samples with high
CCNE1 ACN.

MYC-amplified HGSOCs are associated with somatic copy number aberrations in genes
from the NF1/KRAS and PI3K/AKT/mTOR pathways and activation of the mTOR pathway
We performed a genome-wide pathway analysis using the TCGA cohort and confirmed that
expression of mTOR-related genes was highly correlated with MYC expression (Figures 6A
and B). Previous work demonstrated that pathologically elevated expression of MYC
expression would have a pro-apoptotic effect (48). We therefore hypothesised that
activation of the mTOR pathway mediated the anti-apoptotic survival mechanisms in the
context of high MYC and that inhibition of mTOR was lethal through activation of apoptosis.
When we compared the genomic chromosomal copy number landscape of HGSOC with
increased MYC copy numbers against tumours with diploid MYC, we found that there was
an increase in the prevalence of SCNAs, predominantly affecting genes from the mTOR, RAS
and anti-apoptotic pathways (Figure 6C). More specifically, the increase in SCNAs affecting
PI3K and RAS genes was significantly higher, when compared to other cancer genes (p-value
<0.0001). Additionally, amplification of PIK3CA, IGFR1, GAB2, PTK6, KRAS and AKT1/2/3, as
well as deletion of NF1 and PTEN (which lead to activation of the RAS and PI3K pathways,
respectively) were associated with MYC copy number (Figure 6D). This suggests that co-
occurrence of SCNAs affecting these genes and MYC amplification is an evolutionary
requirement.

Figure 6. MYC-amplified HGSOCs are associated with SCNAs in genes from the NF1/KRAS and PI13K/AKT/mTOR pathways
and activation of the mTOR pathway A. Boxplots showing the Pearson’s correlation coefficient between the gene
expression of all genes and the one of MYC, for genes belonging or not belonging to the mTOR signalling pathway. The
latter group showed, on average, higher correlation estimates compared to the other group. B. GSEA enrichment scores
showing enrichment of mTOR signalling pathway genes in Myc-high tumours. The vertical pink lines represent the
projection of individual genes from the mTOR pathway onto the gene list ranked by MYC expression level. The curve in
blue corresponds to the calculation of the enrichment score (ES) following a standard gene set enrichment analysis (GSEA).
The more the blue ES curve is shifted to the upper left of the graph, the more the gene set is enriched in MYC-high genes.
The ES score, the normalised ES score (NES) and p-value are also shown in the plot. C. Frequency plot showing the


https://doi.org/10.1101/2020.10.04.325365

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.04.325365; this version posted October 12, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

distribution of chromosomal amplifications/homozygous losses (solid lines) or gains/heterozygous losses (shaded areas)
across the genome in both MYC-amplified/gain (pink for amplifications/gains and blue for losses) and MYC diploid HGSOC
(gray) in the HGSOC TCGA cohort. The location of a list of functional cancer genes selected in (49) is indicated on top.
Cancer genes are colour-coded in green if they belong to the PI3K or RAS pathways based on the Reactome definition. The
boxplots (right panel) show, for both PI3K/RAS and other cancer genes, the difference between the frequency of cancer
genes SCNAs in tumours with and without MYC amplification or gain. The p-value of the one-sided permutation test of
equality of means is indicated. D. Diagram showing HGSOC drivers that impact the PI3K pathway and the prevalence of
SCNAs across MYC allelic copy numbers (table). For each gene, the p-values corresponding two tests of association
between both sets of absolute copy number are indicated (Chi-square test on the left and generalized Cochran-Mantel-
Haenszel test for ordered factors on the right) are indicated in turquoise.

Tumours driven by chromosomal instability share driver SCNAs which are regulated by
similar survival pathways

We further explored if HGSOC drivers and survival mechanisms were relevant in the context
of other tumours mostly driven by chromosomal instability(50). We compared the genomic
landscape of HGSOC (Figure 6C) to the profile of SCNAs in p53-mutant triple-negative breast
tumours (TCGA cohort, n=261, Figure 7A; Metabric cohort, n=219, Figure 7B) and squamous
lung cancer (TCGA cohort, 501, Figure 7C). We detected an overlap between the genes that
are frequently amplified or deleted across these tumours, in the context of MYC
amplification or gain. More importantly, we compared the frequency of SCNAs
encompassing cancer genes between p53-mutant triple-negative breast tumours or
squamous lung tumours, harbouring MYC gain or amplification, with equivalent tumours
with diploid MYC. We found a significant increase in the SCNAs encompassing genes from
the PI3K and RAS pathways, compared to other cancer genes, in the context of MYC
amplification or gain in the TCGA cohorts (TCGA breast cohort: p-value: 0.0001; TCGA lung
cohort: p-value < 0.0001). In p53-mutant triple-negative breast tumours from the Metabric
cohort, the overall rate of SCNAs was lower, which may have contributed to the absence of
similar associations between SCNAs affecting MYC and PI3K/RAS genes (p-value 0.5870).
Despite the significant overlap between SCNAs affecting tumours in these three distinct
organs, there was a small number of genes that were specifically amplified or deleted in
certain tumours (eg. ERBB2 amplification in p53-mutant breast cancers and CRKL
amplification or deletion of LRP1B or CDKN2B in squamous lung cancer). Interestingly,
SCNAs in the majority of these “private” genes also lead to the activation of the same
survival mechanisms, suggesting that they are preserved across different tumours.

Figure 7. Frequency plots showing the distribution of chromosomal amplifications/homozygous losses (continuous line) or
gains/heterozygous losses (shade) across the genome in both MYC-amplified/gain (pink for amplifications/gains and blue
for losses) and MYC diploid tumours (gray) in the Breast TCGA cohort (A.; triple-negative invasive ductal p53-mutant
tumours only), Breast Metabric cohort (B., triple-negative invasive ductal p53-mutant tumours only) and Lung Squamous
TCGA cohort (C.). The location of a list of functional cancer genes selected in (49) is indicated on top. Cancer genes are
colour-coded in green if they belong to the PI3K or RAS pathways based on the Reactome definition. The boxplots (right
panel) show, for both PI3K/RAS and other cancer genes, the difference between the frequency of cancer genes SCNAs in
tumours with and without MYC amplification or gain. The p-value of the one-sided permutation test of equality of means is
indicated.

Discussion

The extreme genomic complexity of HGSOC has prevented the development of new
molecularly targeted therapies. The GISTIC analysis had suggested a number of putative
HGSOC drivers but there has been limited functional validation of those(35). We here
assumed that CIN-induced SCNAs affecting expression of HGSOC driver genes are positively
selected during tumour progression and showed that the correlation between CN and gene
expression is higher in frequently amplified HGSOC cancer genes than in non-cancer genes
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from the same amplicons. Equally, promoters of cancer genes are less methylated than the
promoters of non-cancer genes. Overall, this suggests that aberrantly high expression in
amplified HGSOC driver genes are crucial for initiation, survival and/or progression of the
disease.

Our work showed that the initial clinical drug response in HGSOC can be predicted by high-
throughput in vitro assays using spheroids, independently of whether samples were
collected at diagnosis or after several lines of chemotherapy. This suggests that even after
several courses of chemotherapy and development of clinical drug resistance, HGSOC cells
can resume their original drug response state when placed in vitro, and explains why

the predictive value of those assays to assess response in subsequent cycles of
chemotherapy was less significant. Previous work suggests that epigenetic silencing of
tumour suppressor genes is one of the mechanisms of resistance to platinum and that
demethylating agents may revert that resistance (51-53). Itis possible that spheroid
samples are exposed to a rapid epigenetic reprogramming whist in culture and resume their
unmethylated original state (54).

Analysis of the tumorigenic potential of several amplified genes in HGSOC using in vivo
models, previously identified GAB2 amplification as a driver of the PI3K pathway activation
in HGSOC, that is associated with sensitivity to PI3K inhibition in cell lines (25). Here, we
provide evidence that the chromosomal copy number of HGSOC driver genes correlates
with the response to specific chemotherapeutic and targeted agents both in vitro and in
patients. Targeting of early and clonal drivers or of subclonal drivers present in a large
proportion of tumour cells should be prioritised (55). We here showed that MYC and PIK3CA
gain and amplification were frequent early alterations in HGSOC progression. Deregulated
MYC promotes further chromosomal instability by affecting multiple aspects of mitotic
chromosome segregation(56, 57). Our in vitro results showing an association between MYC
copy number and response to paclitaxel were also validated using clinical data where MYC
gain or amplification were predictive biomarkers of clinical response to carboplatin and
paclitaxel in HGSOC. As increased c-MYC levels have been associated with platinum
resistance(58), it is plausible that clinical responses to combined carboplatin and paclitaxel
in MYC-amplified tumours are due to paclitaxel effect. Myc-regulated protein synthesis is
modulated by the mTOR-dependent phosphorylation of eukaryotic translation initiation
factor 4E binding protein-1 (4EBP1), which is required for cancer cell survival in Myc-
dependent tumours(59). Therefore, inhibition of mMTOR has been shown to be synthetically
lethal in MYC-driven haematological tumours (59). Overexpression of c-myc had been
shown to induce apoptosis, which could be reverted by overexpression of IGF-1, most likely
through activation of the PIK3CA/AKT/mTOR survival pathway(48). Our data showed that
MYC amplification or gain co-occur with SCNAs in PI3K genes which induce activation of the
mTOR survival mechanisms and that mTOR inhibition was most effective in the context of
MYC-amplified HGSOC samples.

By demonstrating that other CIN-driven malignancies (eg. triple negative breast cancer and
squamous non-small-cell lung carcinoma) have similar genomic landscapes to HGSOC, our
data suggest that survival mechanisms active in HGSOC are present across other CIN-driven
tumours. This is corroborated by a recent study analysing the functional evolutionary
dependencies in cancer. In this study, co-alteration of PIK3CA and the nuclear factor NFE2L2
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(whose transcription is partly regulated by MYC) was a synergistic evolutionary trajectory in
squamous cell carcinomas(49). Low-depth whole-genome sequencing is becoming
increasingly affordable and available and hence this work supports the rational use of this
genomic tools to inform personalised treatments and the design of clinical trials in HGSOC
and other CIN-driven malignancies.

METHODS

Clinical samples and data

Cohort 1

We obtained spheroids with primary tumour cells from ascites of patients with ovarian
cancer that were recruited as part of the OVO4 study in Cambridge University Hospitals.
Twenty-eight samples from twenty-seven patients were obtained included two matched
samples obtained before and after administration of a chemotherapeutic regimen in the
same patient.

Cohort 2

Solid tumour samples were collected from 64 patients in Cambridge University Hospitals as
part of the OV04 study (six of the tumour samples were taken from the same patients that
also provided spheroid samples). Samples were handled on ice and processed as soon as
possible after surgery. Tumour tissues were fixed for 24 hours in 10% neutral buffered
formalin (NBF) before being transferred to 70% ethanol and embedded in paraffin.

Clinical data

Clinical data collected included dates of sample collection, surgery, treatment and therapy
dates (where applicable), date of death and serial serum CA125-levels from diagnosis. CT
reports were obtained and classified into categories which included progressive disease,
stable disease, partial response or complete response, according to the RECIST criteria. A
summary of the clinical cohort is presented in Table 1 and all the plots summarising clinical
data are presented as supplementary material.

Spheroid isolation

Ascitic fluid was collected from patients with the volume ranging between 100-2000 mL
volume. The fluid was centrifuged at 800g for 5 minutes and the majority of the supernatant
was removed. Blood clots were removed using a butter muslin cloth and the remaining
sample was passed through a 40 um filter. Spheroids were then recovered after a 10 ml
wash with PBS and centrifugation at 1500 rpm for 5 minutes. Next the spheroid fraction was
divided in two. One portion of the cell pellet was utilised for DNA extraction. The other
portion of the cells were resuspended in filtrated acellular ascitic supernatant and 8%
DMSO, transferred to freezing vials and kept in liquid nitrogen. Cells were thawed and kept
in media at 37C for 12h before drug screening was performed.

Ex-vivo drug response/Spheroid assays

An 8-point half-log dilution series of each compound was dispensed into 384 well plates
using an Echo® 550 acoustic liquid handler instrument (Labcyte) and kept at -20°C until

10


https://doi.org/10.1101/2020.10.04.325365

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.04.325365; this version posted October 12, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

used. Prior to use plates were span down. 50 pl of organoid suspension were added per well
using a Multidrop™ Combi Reagent Dispenser (Thermo-Fisher). Following 5 days of drug
incubation, a cell viability assay using 30 ul of CellTiter-Glo® (Promega) was performed. We
performed technical triplicates. Due to limited sample availability, biological replicates were
only performed in selected samples.

DNA extraction from FFPE samples

Multiple sections at 10 pum thickness were cut for each FFPE sample depending on tissue
size and tumour cellularity. Tumour areas were marked by a pathologist on separate
Haematoxylin and Eosin (H&E) stained sections to guide microdissection for DNA extraction.
Tumour areas from unstained tissue sections were scraped off and dewaxed in 1 ml of
xylene, followed by washing in 100% ethanol. After residual ethanol was evaporated (10
min at 37°C), DNA extraction was performed using the AllPrep DNA/RNA FFPE Kit (Qiagen).
DNA was eluted in 40 pl kit ATE elution buffer and quantified using Qubit quantification
(Thermofisher, Q32851).

Genomic profiling

DNA extraction was performed using the DNeasy Blood & Tissue Kit (QIAGEN) according to
manufacturer’s instructions. DNA samples were diluted to 75 ng in 15 pl of PCR certified
water for subsequent shearing by sonication using the LE220-plus Focused-Ultrasonicator
(Covaris) for 120 s at RT (duty factor 30%; Peak incident power 180 W; 50 cycles per burst)
with a target of 200-250 bp. Library preparation was subsequently carried out using the
SMARTer Thruplex DNA-Seq kit (Takara) with each sample undergoing 7 PCR cycles for
library amplification and sample indexing. sSWGS libraries were cleaned using AMPure beads,
according to the manufacturer’s recommendations, and eluted in 20 ul TE buffer. Quality
and quantity of sSWGS libraries were assessed using a D5000 genomic DNA ScreenTape
(Agilent, 5067-5588) on the 4200 TapeStation System (Agilent, G2991AA).

Libraries were pooled and sequenced using the Paired-End 50 mode and S1 flowcell on the
NovaSeq. Genomes were aligned to the GRCh37 reference genome and relative copy
number data was obtained using the gDNAseq package(24).

Statistical analysis
All statistical tests were two sided, unless stated otherwise.

a/ Test of equality of the location parameter between two populations: In the Figures 2B,
2C and 6A, we used Wilcoxon rank sum non-parametric tests (also known as Mann—
Whitney-Wilcoxon tests) with continuity correction {wilcox.test function of the stats R
package) to assess if the location shift between two populations is different from 0.
Similar conclusions were obtained when considering Welch t-tests (t.test function of the
stats R package) and median test (median_test function of the coin R package). In the
Figures 6C, 7A, 7B and 7C, we used one-sided permutation tests (considering R=10'000
resampling of the TCGA or METABRIC patients) to assess if the mean of the differences (in
%) of ‘amplification or gain’ or ‘loss’ (reverse scale) levels of tumours with or without MYC
gain or amplification are different for cancer genes (49) belonging or not to the Reactome
PI3K or RAS pathways. Triple-negative breast tumours from TCGA cohort (Figure 7A) were
selected based on the Code 8500/3 from the International Classification of Diseases for
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Oncology, Third Edition ICD-0-3 Histology Code. Triple-negative breast tumours from
Metabric cohort (Figure 7B) were selected based on negativity for ER, PR and HER2 status.

b/ Estimates, test and representation of the association between paired samples:

In the Figure 2B, we estimated the Pearson's product moment correlation coefficient (cor
function of the stats R package) between normalised gene expression {obtained with the
function cpm of the edgeR R Bioconductor package) and respective chromosomal copy
number for each gene in the HGSOC TCGA database. Similar conclusions were obtained
when considering Spearman rank-based correlations.

In the Figure 2D, we used the Pearson's product moment correlation coefficient test
(function cor.test of the stats R package), to assess if the level of association between 2
variables is different from 0. In the Figure 2D, the covariance/correlation matrix and the
vector of means were normalised (by considering the quantiles of a standard normal
distribution corresponding to the observed probability point of each gene) since they are
the sufficient statistics of the bivariate normal distribution. Representation of the level of
association between the normalised variables of interest was then obtained by displaying
ellipses corresponding to the quantile 0.95 of the bivariate normal distributions of interest.
In the Figure 3D, we used Spearman's rank-based statistics (cor function of the stats R
package) to describe the level of association between paired AUC and IC50 since those
measures are not bivariate normal.

In the Figure 5B, the association between the ex-vivo response to paired drugs was defined
by means of Spearman rank-based correlation (cor function of the stats R package). We
estimated (i) the level of association between ex-vivo response to each pair of drugs
affecting the PI3K/Akt/mTOR pathway, (ii) the level of association considering all paired
drugs, including one drug from this PI3K/Akt/mTOR group and one from another group, and
compared their mean by means of a non-parametric bootstrap test considering 25000
samples (the corresponding p-value is indicated).

In the Figure 6A, we estimated the Pearson's product moment correlation coefficient
(function cor of the stats R package) between expression of MYC and expression of all the
other genes from the HGSOC TCGA cohort.

¢/ Response to treatment estimates: in Figures 3C and Supplementary Figures 3A-Z,
response to treatment was estimated using area under the curve (AUC) and IC50.

Drug response measures were standardised by dividing the original values by the median
drug response observed in the control group of each drug and sample. This standardised
drug response measures were then modelled as a function of the dose (on the log scale) by
means of a 4th degree polynomial robust regression, fitted by means of the function Imrob
of the R package robustbase. Drug response measures that obtained a robust weights
smaller than 0.4 (out of a range which spreads from O for outliers to 1 for non-outliers) were
considered as outliers. After excluding outliers, we modelled the standardised drug
response measures as a function of the dose (on the log scale) by means of M-splines. AUC
and IC50 were estimated using the I-splines (which correspond to the integrals of M-
splines). The alternative use of a five-parameter log-logistic fit (drm function of the drc R
package with function LL2.5) led to similar AUC and IC50 estimates.

In the Figures 4B, 4D, 5D and 5F, the control and epsilon sigma estimates represented in
levels of red respectively correspond to (i) the observed standard deviation of the
(standardised) drug responses of the control group per sample and to (ii) the standard
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deviation of the difference between the (standardised) observed drug respond and
corresponding M-spline fits per drug.

d/ Linear relationship between continuous variables with independent samples: In the left
plots from the Figures 4C, 4E, 5E and 5G, we used linear regressions, fitted by means of the
function Im of the stats R package, to model the relationship between drug response (AUC)
and MYC relative copy number (on the log scale). The p-values of the one-sided Wald t-test
corresponding to the slope parameter of each fit are indicated.

In the left plot of the Figure 5G, the trend between drug response and MYC relative copy
number was also fitted when excluding the two observations corresponding to samples with
high CCNE1 amplification (ACN > 6; patients 466 and 788). The direction of the relationship
was pre-specified{40).

We only considered the first sample for patient 409, since the linear model requires
independent observations. Equally, the samples from patients 720 and 875 were excluded
from these analyses due to extreme variability in the results demonstrated by the high
standard deviations in the (standardised) drug responses of the control group
(Supplementary Figures 3A-Z).

e/ Trend test between an ordinal and a continuous variable:

In the Figure 3B, we used an ordinal regression (c/m function of the ordinal R package) as
well as Jonckheere-Terpstra test (jonckheere.test function of the clinfun R package) to assess
the level of association between the ordinal CT responses and the difference in CA125 on
the log2 scale before and after treatment. Both methods lead to a p-value < 2.2e-16.

In the right plots of Figures 4C, 4E, 5E and 5G, we used one-sided Jonckheere-Terpstra tests
(jonckheere.test function of the R package clinfun), to test for ordered differences in drug
response between the 3-level of MYC absolute copy number variable (2, 3 and 4+),
assuming the same trend direction as in the plots on the left.

In the Figures 4E and 5G, we used Student’s t-tests, (t.test function of the stats R package),
to investigate a difference in means between two levels of KRAS and MYC ACN. The second
sample of patient 409 and the samples of patients 720 and 875 were excluded from these
analyses for the same reasons described above.

f/ Linear relationship between continuous variables with dependent samples: As patients
typically have several lines of treatment and as their responses to treatment are likely not
independent, linear mixed models with patients as random effects (to take the within-
patient dependence into account) were used in analyses related to the clinical drug
response. Models were fitted by means of restricted maximum likelihood (REML; Ime
function of the nime R package).

In the Figure 3E, a random intercept model was fitted for each drug and the p-values of the
two-sided Wald t-test corresponding to the slope parameter was indicated in the legend. A
linear regression was preferred when the subset of data corresponding to a drug were
independent (only one observation per patient).

In the Figure 3F, an heteroscedastic mixed linear model with [i] patients as random effects,
[ii] AUC, line number (as a three-level factor: 1, 2 and 3+) and the interaction between AUC
and line number as fixed effects and [iii] residuals as a power function of the duration of the
chemotherapy cycle (to account for the fact that the variability increases with duration) was
fitted. The table on the bottom right of Figure F3F shows the p-values obtained when
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comparing the slope of each line number (rows) to 0 (no relationship between ex-vivo and
clinical response) and other line numbers (pairwise comparisons) using a multiplicity
correction taking the dependence between these tests into account, as implemented in the
function ghlt of the multcomp R package. Note that the same conclusions were obtained
when fitting alternative models (e.g. when not considering heteroscedasticity residuals).

In the Figure 4F, random intercept models, considering patients as random effects and MYC
relative copy number (on the log scale) as the fixed effect were fitted with or without
controlling for tumour purity (obtained from TP53 mutant allele frequency). The p-values
indicated correspond to the Wald t-test of the slope parameter obtained with or without
tumour purity in the model.

g/ Copy number frequency plots: The copy number frequency plots in the Figures 2A, 6C,
7A, 7B and 7C were obtained by computing the percentage of [i] homozygous loss, [ii]
heterozygous loss, [iii] gain and [iv] amplification for the subset of samples of interest (all
TCGA or spheroids samples in 2A; for samples showing MYC gain or amplification or neither
of both in 6C, 7A, 7B and 7C). Amplification (homozygous loss) and combined gain and
amplification (homozygous and heterozygous losses) were displayed for each gene and
subset of interest. Considering a log2 relationship between relative and adjusted copy
number, we used adjusted copy numbers of 0.5, 1.5, 2.5 and 4.5 (Figure 4A) to define the
limits of the subgroups in the spheroid cohort from Figure 2A. in the Figures 2A, 6C, 7A, 7B
and 7C, we considered the absolute copy number available for the TCGA and METABRIC.

h/ Differential gene expression analysis: In the Gene Set Enrichment Analysis (Figure 6B,
we obtained a list of ranked genes according to the t-statistic corresponding to the change
in mean gene expression intensities between HGSOC TCGA samples with MYC-low and MYC-
high (lower and upper quartile of MYC expression respectively). We discarded 6522 out of
24165 genes with low counts across all samples (counts-per-million below 0.5 in more than
90% of the samples; from the cpm function of the edgeR R Bioconductor package).
Differential expression analysis was performed using the voom function of the edgeR R
Bioconductor package (with default options).

i/ Gene score enrichment analysis: To assessed whether the up-regulated genes in MYC-
high compared to MYC-low tumours were enriched for mTOR pathway genes, we obtained a
list of genes belonging to the mTOR signalling pathway from the Bioplanet database
(https://tripod.nih.gov/bioplanet/, the pathway “Mammalian target of rapamycin complex 1
(mTORC1)-mediated signalling”) and ran a gene set enrichment analysis (fgsea function of
the R Bioconductor package fgsea; Figure 6B), using the mTOR gene list and the list of
ranked genes of the differential gene expression analysis described above, to obtain the
enrichment score estimate and corresponding p-value.

j/ Clustering analyses: In the Figures 5A, 5B and 5C, we used hierarchical clustering to group
samples, drugs or genes. In the Figure F5A and F5C, samples, drugs and genes were grouped
according to a ‘complete’ hierarchical clustering based on euclidian distances (pheatmap
function of the pheatmap R package and hclust function of the stats R package).

In the Figure 5B, the drugs were grouped according to a ‘complete’ hierarchical clustering
based on euclidian distances defined on the drug Pearson’s correlation matrix (hclust
function of the stats R package).
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k/ Tests of association of categorical or ordered factors: In the Figure 6D, we present the
association between the absolute copy number (ACN) of selected genes and the ACN of
MYC in two different way. Firstly, we considered the ACN vectors as non-ordered factors
and used the Chi-square tests {chisqg.test function of the stats R package). Secondly, we
considered them as ordered factors and used the generalized Cochran-Mantel-Haenszel
tests of association of ordered factors (CMHtest function of the vcdExtra R package).

15


https://doi.org/10.1101/2020.10.04.325365

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.04.325365; this version posted October 12, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

REFERENCES

1. Torre LA, Trabert B, DeSantis CE, Miller KD, Samimi G, Runowicz CD, Gaudet MM,
Jemal A, Siegel RL. Ovarian cancer statistics, 2018. CA Cancer J Clin. 2018;68(4):284-96.

2. Schwarz RF, Ng CK, Cooke SL, Newman S, Temple J, Piskorz AM, Gale D, Sayal K,
Murtaza M, Baldwin PJ, Rosenfeld N, Earl HM, Sala E, Jimenez-Linan M, Parkinson CA,
Markowetz F, Brenton JD. Spatial and temporal heterogeneity in high-grade serous ovarian
cancer: a phylogenetic analysis. PLoS medicine. 2015;12(2):e1001789.

3. Tutt A, Robson M, Garber JE, Domchek SM, Audeh MW, Weitzel JN, Friedlander M,
Arun B, Loman N, Schmutzler RK, Wardley A, Mitchell G, Earl H, Wickens M, Carmichael J.
Oral poly(ADP-ribose) polymerase inhibitor olaparib in patients with BRCA1 or BRCA2
mutations and advanced breast cancer: a proof-of-concept trial. Lancet.
2010;376(9737):235-44.

4, Kaufman B, Shapira-Frommer R, Schmutzler RK, Audeh MW, Friedlander M, Balmana
J, Mitchell G, Fried G, Stemmer SM, Hubert A, Rosengarten O, Steiner M, Loman N, Bowen
K, Fielding A, Domchek SM. Olaparib monotherapy in patients with advanced cancer and a
germline BRCA1/2 mutation. J Clin Oncol. 2015;33(3):244-50.

5. Shukla A, Nguyen THM, Moka SB, Ellis 1J, Grady JP, Oey H, Cristino AS, Khanna KK,
Kroese DP, Krause L, Dray E, Fink JL, Duijf PHG. Chromosome arm aneuploidies shape
tumour evolution and drug response. Nature communications. 2020;11(1):449.

6. Watkins TBK, Lim EL, Petkovic M, Elizalde S, Birkbak NJ, Wilson GA, Moore DA,
Gronroos E, Rowan A, Dewhurst SM, Demeulemeester J, Dentro SC, Horswell S, Au L, Haase
K, Escudero M, Rosenthal R, Bakir MA, Xu H, Litchfield K, Lu WT, Mourikis TP, Dietzen M,
Spain L, Cresswell GD, Biswas D, Lamy P, Nordentoft |, Harbst K, Castro-Giner F, Yates LR,
Caramia F, Jaulin F, Vicier C, Tomlinson IPM, Brastianos PK, Cho RJ, Bastian BC, Dyrskjot L,
Jonsson GB, Savas P, Loi S, Campbell PJ, Andre F, Luscombe NM, Steeghs N, Tjan-Heijnen
VCG, Szallasi Z, Turajlic S, Jamal-Hanjani M, Van Loo P, Bakhoum SF, Schwarz RF,
McGranahan N, Swanton C. Pervasive chromosomal instability and karyotype order in
tumour evolution. Nature. 2020.

7. Masoodi T, Siraj S, Siraj AK, Azam S, Qadri Z, Parvathareddy SK, Tulbah A, Al-Dayel F,
AlHusaini H, AlOmar O, Al-Badawi IA, Alkuraya FS, Al-Kuraya KS. Genetic heterogeneity and
evolutionary history of high-grade ovarian carcinoma and matched distant metastases. Br J
Cancer. 2020;122(8):1219-30.

8. Martins FC, De S, Almendro V, Gonen M, Park SY, Blum JL, Herlihy W, Ethington G,
Schnitt SJ, Tung N, Garber JE, Fetten K, Michor F, Polyak K. Evolutionary pathways in BRCA1-
associated breast tumors. Cancer discovery. 2012;2(6):503-11.

9. Integrated genomic analyses of ovarian carcinoma. Nature. 2011;474(7353):609-15.
10. Bowtell DD, Bohm S, Ahmed AA, Aspuria PJ, Bast RC, Jr., Beral V, Berek IS, Birrer MJ,
Blagden S, Bookman MA, Brenton JD, Chiappinelli KB, Martins FC, Coukos G, Drapkin R,
Edmondson R, Fotopoulou C, Gabra H, Galon J, Gourley C, Heong V, Huntsman DG, Iwanicki
M, Karlan BY, Kaye A, Lengyel E, Levine DA, Lu KH, McNeish IA, Menon U, Narod SA, Nelson
BH, Nephew KP, Pharoah P, Powell DJ, Jr., Ramos P, Romero IL, Scott CL, Sood AK, Stronach
EA, Balkwill FR. Rethinking ovarian cancer Il: reducing mortality from high-grade serous
ovarian cancer. Nature reviews Cancer. 2015;15(11):668-79.

11. Ahmed AA, Etemadmoghadam D, Temple J, Lynch AG, Riad M, Sharma R, Stewart C,
Fereday S, Caldas C, Defazio A, Bowtell D, Brenton JD. Driver mutations in TP53 are
ubiquitous in high grade serous carcinoma of the ovary. J Pathol. 2010;221(1):49-56.

16


https://doi.org/10.1101/2020.10.04.325365

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.04.325365; this version posted October 12, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

12. Hanrahan AJ, Schultz N, Westfal ML, Sakr RA, Giri DD, Scarperi S, Janakiraman M,
Olvera N, Stevens EV, She QB, Aghajanian C, King TA, Stanchina E, Spriggs DR, Heguy A,
Taylor BS, Sander C, Rosen N, Levine DA, Solit DB. Genomic complexity and AKT dependence
in serous ovarian cancer. Cancer discovery. 2012;2(1):56-67.

13. Cerami E, Gao J, Dogrusoz U, Gross BE, Sumer SO, Aksoy BA, Jacobsen A, Byrne CJ,
Heuer ML, Larsson E, Antipin Y, Reva B, Goldberg AP, Sander C, Schultz N. The cBio cancer
genomics portal: an open platform for exploring multidimensional cancer genomics data.
Cancer discovery. 2012;2(5):401-4.

14. Henrichsen CN, Vinckenbosch N, Zollner S, Chaignat E, Pradervand S, Schutz F, Ruedi
M, Kaessmann H, Reymond A. Segmental copy number variation shapes tissue
transcriptomes. Nat Genet. 2009;41(4):424-9.

15. Bhattacharya A, Bense RD, Urzua-Traslavina CG, de Vries EGE, van Vugt M, Fehrmann
RSN. Transcriptional effects of copy number alterations in a large set of human cancers.
Nature communications. 2020;11(1):715.

16. Spector NL, Xia W, Burris H, 3rd, Hurwitz H, Dees EC, Dowlati A, O'Neil B, Overmoyer
B, Marcom PK, Blackwell KL, Smith DA, Koch KM, Stead A, Mangum S, Ellis MJ, Liu L, Man AK,
Bremer TM, Harris J, Bacus S. Study of the biologic effects of lapatinib, a reversible inhibitor
of ErbB1 and ErbB2 tyrosine kinases, on tumor growth and survival pathways in patients
with advanced malignancies. J Clin Oncol. 2005;23(11):2502-12.

17. Slamon DJ, Leyland-Jones B, Shak S, Fuchs H, Paton V, Bajamonde A, Fleming T,
Eiermann W, Wolter J, Pegram M, Baselga J, Norton L. Use of chemotherapy plus a
monoclonal antibody against HER2 for metastatic breast cancer that overexpresses HER2. N
EnglJ Med. 2001;344(11):783-92.

18. Tothill RW, Tinker AV, George J, Brown R, Fox SB, Lade S, Johnson DS, Trivett MK,
Etemadmoghadam D, Locandro B, Traficante N, Fereday S, Hung JA, Chiew YE, Haviv |,
Australian Ovarian Cancer Study G, Gertig D, DeFazio A, Bowtell DD. Novel molecular
subtypes of serous and endometrioid ovarian cancer linked to clinical outcome. Clin Cancer
Res. 2008;14(16):5198-208.

19. Verhaak RG, Tamayo P, Yang JY, Hubbard D, Zhang H, Creighton CJ, Fereday S,
Lawrence M, Carter SL, Mermel CH, Kostic AD, Etemadmoghadam D, Saksena G, Cibulskis K,
Duraisamy S, Levanon K, Sougnez C, Tsherniak A, Gomez S, Onofrio R, Gabriel S, Chin L,
Zhang N, Spellman PT, Zhang Y, Akbani R, Hoadley KA, Kahn A, Kobel M, Huntsman D,
Soslow RA, Defazio A, Birrer MJ, Gray JW, Weinstein JN, Bowtell DD, Drapkin R, Mesirov JP,
Getz G, Levine DA, Meyerson M, Cancer Genome Atlas Research N. Prognostically relevant
gene signatures of high-grade serous ovarian carcinoma. J Clin Invest. 2013;123(1):517-25.
20. Martins FC, Santiago |, Trinh A, Xian J, Guo A, Sayal K, Jimenez-Linan M, Deen S,
Driver K, Mack M, Aslop J, Pharoah PD, Markowetz F, Brenton JD. Combined image and
genomic analysis of high-grade serous ovarian cancer reveals PTEN loss as a common driver
event and prognostic classifier. Genome biology. 2014;15(12):526.

21. Macintyre G, Goranova TE, De Silva D, Ennis D, Piskorz AM, Eldridge M, Sie D,
Lewsley LA, Hanif A, Wilson C, Dowson S, Glasspool RM, Lockley M, Brockbank E, Montes A,
Walther A, Sundar S, Edmondson R, Hall GD, Clamp A, Gourley C, Hall M, Fotopoulou C,
Gabra H, Paul J, Supernat A, Millan D, Hoyle A, Bryson G, Nourse C, Mincarelli L, Sanchez LN,
Yistra B, Jimenez-Linan M, Moore L, Hofmann O, Markowetz F, McNeish IA, Brenton JD.
Copy number signatures and mutational processes in ovarian carcinoma. Nat Genet.
2018;50(9):1262-70.

17


https://doi.org/10.1101/2020.10.04.325365

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.04.325365; this version posted October 12, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

22. Wang YK, Bashashati A, Anglesio MS, Cochrane DR, Grewal DS, Ha G, McPherson A,
Horlings HM, Senz J, Prentice LM, Karnezis AN, Lai D, Aniba MR, Zhang AW, Shumansky K,
Siu C, Wan A, McConechy MK, Li-Chang H, Tone A, Provencher D, de Ladurantaye M, Fleury
H, Okamoto A, Yanagida S, Yanaihara N, Saito M, Mungall AJ, Moore R, Marra MA, Gilks CB,
Mes-Masson AM, McAlpine JN, Aparicio S, Huntsman DG, Shah SP. Genomic consequences
of aberrant DNA repair mechanisms stratify ovarian cancer histotypes. Nat Genet.
2017;49(6):856-65.

23. Zack TI, Schumacher SE, Carter SL, Cherniack AD, Saksena G, Tabak B, Lawrence MS,
Zhsng CZ, Wala J, Mermel CH, Sougnez C, Gabriel SB, Hernandez B, Shen H, Laird PW, Getz
G, Meyerson M, Beroukhim R. Pan-cancer patterns of somatic copy number alteration. Nat
Genet. 2013;45(10):1134-40.

24, Scheinin |, Sie D, Bengtsson H, van de Wiel MA, Olshen AB, van Thuijl HF, van Essen
HF, Eijk PP, Rustenburg F, Meijer GA, Reijneveld JC, Wesseling P, Pinkel D, Albertson DG,
Yistra B. DNA copy number analysis of fresh and formalin-fixed specimens by shallow whole-
genome sequencing with identification and exclusion of problematic regions in the genome
assembly. Genome research. 2014;24(12):2022-32.

25. Dunn GP, Cheung HW, Agarwalla PK, Thomas S, Zektser Y, Karst AM, Boehm IS, Weir
BA, Berlin AM, Zou L, Getz G, Liu JF, Hirsch M, Vazquez F, Root DE, Beroukhim R, Drapkin R,
Hahn WC. In vivo multiplexed interrogation of amplified genes identifies GAB2 as an ovarian
cancer oncogene. Proceedings of the National Academy of Sciences of the United States of
America. 2014;111(3):1102-7.

26. Kim J, Coffey DM, Creighton CJ, Yu Z, Hawkins SM, Matzuk MM. High-grade serous
ovarian cancer arises from fallopian tube in a mouse model. Proceedings of the National
Academy of Sciences of the United States of America. 2012;109(10):3921-6.

27. Perets R, Wyant GA, Muto KW, Bijron JG, Poole BB, Chin KT, Chen JY, Ohman AW,
Stepule CD, Kwak S, Karst AM, Hirsch MS, Setlur SR, Crum CP, Dinulescu DM, Drapkin R.
Transformation of the fallopian tube secretory epithelium leads to high-grade serous
ovarian cancer in Brca;Tp53;Pten models. Cancer Cell. 2013;24(6):751-65.

28. Maniati E, Berlato C, Gopinathan G, Heath O, Kotantaki P, Lakhani A, McDermott J,
Pegrum C, Delaine-Smith RM, Pearce OMT, Hirani P, Joy JD, Szabova L, Perets R, Sansom OJ,
Drapkin R, Bailey P, Balkwill FR. Mouse Ovarian Cancer Models Recapitulate the Human
Tumor Microenvironment and Patient Response to Treatment. Cell reports. 2020;30(2):525-
40 e7.

29. Kopper O, de Witte CJ, Lohmussaar K, Valle-Inclan JE, Hami N, Kester L, Balgobind
AV, Korving J, Proost N, Begthel H, van Wijk LM, Revilla SA, Theeuwsen R, van de Ven M, van
Roosmalen MJ, Ponsioen B, Ho VWH, Neel BG, Bosse T, Gaarenstroom KN, Vrieling H,
Vreeswijk MPG, van Diest PJ, Witteveen PO, Jonges T, Bos JL, van Oudenaarden A, Zweemer
RP, Snippert HIG, Kloosterman WP, Clevers H. An organoid platform for ovarian cancer
captures intra- and interpatient heterogeneity. Nat Med. 2019;25(5):838-49.

30. Nelson L, Tighe A, Golder A, Littler S, Bakker B, Moralli D, Murtuza Baker S,
Donaldson 1J, Spierings DCJ, Wardenaar R, Neale B, Burghel GJ, Winter-Roach B, Edmondson
R, Clamp AR, Jayson GC, Desai S, Green CM, Hayes A, Foijer F, Morgan RD, Taylor SS. A living
biobank of ovarian cancer ex vivo models reveals profound mitotic heterogeneity. Nature
communications. 2020;11(1):822.

31. Yap TA, Kristeleit R, Michalarea V, Pettitt SJ, Lim JSJ, Carreira S, Roda D, Miller R,
Riisnaes R, Miranda S, Figueiredo |, Rodrigues DN, Ward S, Matthews R, Parmar M, Turner A,
Tunariu N, Chopra N, Gevensleben H, Turner NC, Ruddle R, Raynaud Fl, Decordova S, Swales

18


https://doi.org/10.1101/2020.10.04.325365

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.04.325365; this version posted October 12, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

KE, Finneran L, Hall E, Rugman P, Lindemann JPO, Foxley A, Lord CJ, Banerji U, Plummer R,
Basu B, Lopez JS, Drew Y, de Bono JS. Phase | Trial of the PARP Inhibitor Olaparib and AKT
Inhibitor Capivasertib in Patients with BRCA1/2- and Non-BRCA1/2-Mutant Cancers. Cancer
discovery. 2020.

32. Konstantinopoulos PA, Barry WT, Birrer M, Westin SN, Cadoo KA, Shapiro Gl, Mayer
EL, O'Cearbhaill RE, Coleman RL, Kochupurakkal B, Whalen C, Curtis J, Farooq S, Luo W,
Eismann J, Buss MK, Aghajanian C, Mills GB, Palakurthi S, Kirschmeier P, Liu J, Cantley LC,
Kaufmann SH, Swisher EM, D'Andrea AD, Winer E, Wulf GM, Matulonis UA. Olaparib and
alpha-specific PI3K inhibitor alpelisib for patients with epithelial ovarian cancer: a dose-
escalation and dose-expansion phase 1b trial. Lancet Oncol. 2019;20(4):570-80.

33. Basu B, Krebs MG, Sundar R, Wilson RH, Spicer J, Jones R, Brada M, Talbot DC, Steele
N, Ingles Garces AH, Brugger W, Harrington EA, Evans J, Hall E, Tovey H, de Oliveira FM,
Carreira S, Swales K, Ruddle R, Raynaud Fl, Purchase B, Dawes JC, Parmar M, Turner AJ,
Tunariu N, Banerjee S, de Bono JS, Banerji U. Vistusertib (dual m-TORC1/2 inhibitor) in
combination with paclitaxel in patients with high-grade serous ovarian and squamous non-
small-cell lung cancer. Ann Oncol. 2018;29(9):1918-25.

34. Beroukhim R, Mermel CH, Porter D, Wei G, Raychaudhuri S, Donovan J, Barretina J,
Boehm IS, Dobson J, Urashima M, Mc Henry KT, Pinchback RM, Ligon AH, Cho YJ, Haery L,
Greulich H, Reich M, Winckler W, Lawrence MS, Weir BA, Tanaka KE, Chiang DY, Bass AJ, Loo
A, Hoffman C, Prensner J, Liefeld T, Gao Q, Yecies D, Signoretti S, Maher E, Kaye FJ, Sasaki H,
Tepper JE, Fletcher JA, Tabernero J, Baselga J, Tsao MS, Demichelis F, Rubin MA, Janne PA,
Daly MJ, Nucera C, Levine RL, Ebert BL, Gabriel S, Rustgi AK, Antonescu CR, Ladanyi M, Letai
A, Garraway LA, Loda M, Beer DG, True LD, Okamoto A, Pomeroy SL, Singer S, Golub TR,
Lander ES, Getz G, Sellers WR, Meyerson M. The landscape of somatic copy-number
alteration across human cancers. Nature. 2010;463(7283):899-905.

35. Mermel CH, Schumacher SE, Hill B, Meyerson ML, Beroukhim R, Getz G. GISTIC2.0
facilitates sensitive and confident localization of the targets of focal somatic copy-number
alteration in human cancers. Genome biology. 2011;12(4):R41.

36. Zhang AW, McPherson A, Milne K, Kroeger DR, Hamilton PT, Miranda A, Funnell T,
Little N, de Souza CPE, Laan S, LeDoux S, Cochrane DR, Lim JLP, Yang W, Roth A, Smith MA,
Ho J, Tse K, Zeng T, Shlafman |, Mayo MR, Moore R, Failmezger H, Heindl A, Wang YK,
Bashashati A, Grewal DS, Brown SD, Lai D, Wan ANC, Nielsen CB, Huebner C, Tessier-Cloutier
B, Anglesio MS, Bouchard-Cote A, Yuan Y, Wasserman WW, Gilks CB, Karnezis AN, Aparicio
S, McAlpine JN, Huntsman DG, Holt RA, Nelson BH, Shah SP. Interfaces of Malignant and
Immunologic Clonal Dynamics in Ovarian Cancer. Cell. 2018;173(7):1755-69 e22.

37. Rustin GJ, Bast RC, Jr., Kelloff GJ, Barrett JC, Carter SK, Nisen PD, Sigman CC,
Parkinson DR, Ruddon RW. Use of CA-125 in clinical trial evaluation of new therapeutic
drugs for ovarian cancer. Clin Cancer Res. 2004;10(11):3919-26.

38. McNulty M, Das A, Cohen PA, Dean A. Measuring response to neoadjuvant
chemotherapy in high-grade serous tubo-ovarian carcinoma: an analysis of the correlation
between CT imaging and chemotherapy response score. Int J Gynecol Cancer. 2019.

39. Hall MD, Telma KA, Chang KE, Lee TD, Madigan JP, Lloyd JR, Goldlust IS, Hoeschele
JD, Gottesman MM. Say no to DMSO: dimethylsulfoxide inactivates cisplatin, carboplatin,
and other platinum complexes. Cancer research. 2014,;74(14):3913-22.

40. Topham C, Tighe A, Ly P, Bennett A, Sloss O, Nelson L, Ridgway RA, Huels D, Littler S,
Schandl C, Sun Y, Bechi B, Procter DJ, Sansom 0J, Cleveland DW, Taylor SS. MYC Is a Major
Determinant of Mitotic Cell Fate. Cancer Cell. 2015;28(1):129-40.

19


https://doi.org/10.1101/2020.10.04.325365

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.04.325365; this version posted October 12, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

41. Steckel M, Molina-Arcas M, Weigelt B, Marani M, Warne PH, Kuznetsov H, Kelly G,
Saunders B, Howell M, Downward J, Hancock DC. Determination of synthetic lethal
interactions in KRAS oncogene-dependent cancer cells reveals novel therapeutic targeting
strategies. Cell Res. 2012;22(8):1227-45.

42. Patch AM, Christie EL, Etemadmoghadam D, Garsed DW, George J, Fereday S, Nones
K, Cowin P, Alsop K, Bailey PJ, Kassahn KS, Newell F, Quinn MC, Kazakoff S, Quek K, Wilhelm-
Benartzi C, Curry E, Leong HS, Australian Ovarian Cancer Study G, Hamilton A, Mileshkin L,
Au-Yeung G, Kennedy C, Hung J, Chiew YE, Harnett P, Friedlander M, Quinn M, Pyman J,
Cordner S, O'Brien P, Leditschke J, Young G, Strachan K, Waring P, Azar W, Mitchell C,
Traficante N, Hendley J, Thorne H, Shackleton M, Miller DK, Arnau GM, Tothill RW, Holloway
TP, Semple T, Harliwong I, Nourse C, Nourbakhsh E, Manning S, Idrisoglu S, Bruxner TJ,
Christ AN, Poudel B, Holmes O, Anderson M, Leonard C, Lonie A, Hall N, Wood S, Taylor DF,
Xu Q, Fink JL, Waddell N, Drapkin R, Stronach E, Gabra H, Brown R, Jewell A, Nagaraj SH,
Markham E, Wilson PJ, Ellul J, McNally O, Doyle MA, Vedururu R, Stewart C, Lengyel E,
Pearson JV, Waddell N, deFazio A, Grimmond SM, Bowtell DD. Whole-genome
characterization of chemoresistant ovarian cancer. Nature. 2015;521(7553):489-94.

43, Etemadmoghadam D, Weir BA, Au-Yeung G, Alsop K, Mitchell G, George J, Australian
Ovarian Cancer Study G, Davis S, D'Andrea AD, Simpson K, Hahn WC, Bowtell DD. Synthetic
lethality between CCNE1 amplification and loss of BRCA1. Proceedings of the National
Academy of Sciences of the United States of America. 2013;110(48):19489-94.

44, Aksamitiene E, Kiyatkin A, Kholodenko BN. Cross-talk between mitogenic Ras/MAPK
and survival PI3K/Akt pathways: a fine balance. Biochem Soc Trans. 2012;40(1):139-46.

45, Dogan F, Biray Avci C. Correlation between telomerase and mTOR pathway in cancer
stem cells. Gene. 2018;641:235-9.

46. Flinn EM, Busch CM, Wright AP. myc boxes, which are conserved in myc family
proteins, are signals for protein degradation via the proteasome. Mol Cell Biol.
1998;18(10):5961-9.

47. Sarid J, Halazonetis TD, Murphy W, Leder P. Evolutionarily conserved regions of the
human c-myc protein can be uncoupled from transforming activity. Proceedings of the
National Academy of Sciences of the United States of America. 1987;84(1):170-3.

48. Harrington EA, Bennett MR, Fanidi A, Evan Gl. c-Myc-induced apoptosis in fibroblasts
is inhibited by specific cytokines. EMBO J. 1994;13(14):3286-95.

49, Mina M, lyer A, Tavernari D, Raynaud F, Ciriello G. Discovering functional
evolutionary dependencies in human cancers. Nat Genet. 2020.

50. Ciriello G, Miller ML, Aksoy BA, Senbabaoglu Y, Schultz N, Sander C. Emerging
landscape of oncogenic signatures across human cancers. Nat Genet. 2013;45(10):1127-33.
51. Matei D, Fang F, Shen C, Schilder J, Arnold A, Zeng Y, Berry WA, Huang T, Nephew KP.
Epigenetic resensitization to platinum in ovarian cancer. Cancer research. 2012;72(9):2197-
205.

52. Fang F, Cardenas H, Huang H, Jiang G, Perkins SM, Zhang C, Keer HN, Liu Y, Nephew
KP, Matei D. Genomic and Epigenomic Signatures in Ovarian Cancer Associated with
Resensitization to Platinum Drugs. Cancer research. 2018;78(3):631-44.

53. Oza AM, Matulonis UA, Alvarez Secord A, Nemunaitis J, Roman LD, Blagden SP,
Banerjee S, McGuire WP, Ghamande S, Birrer MJ, Fleming GF, Markham MJ, Hirte HW,
Provencher DM, Basu B, Kristeleit R, Armstrong DK, Schwartz B, Braly P, Hall GD, Nephew
KP, Jueliger S, Oganesian A, Naim S, Hao Y, Keer H, Azab M, Matei D. A Randomized Phase Il

20


https://doi.org/10.1101/2020.10.04.325365

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.04.325365; this version posted October 12, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Trial of Epigenetic Priming with Guadecitabine and Carboplatin in Platinum-resistant,
Recurrent Ovarian Cancer. Clin Cancer Res. 2020;26(5):1009-16.

54, Nestor CE, Ottaviano R, Reinhardt D, Cruickshanks HA, Mjoseng HK, McPherson RC,
Lentini A, Thomson JP, Dunican DS, Pennings S, Anderton SM, Benson M, Meehan RR. Rapid
reprogramming of epigenetic and transcriptional profiles in mammalian culture systems.
Genome biology. 2015;16:11.

55. McGranahan N, Favero F, de Bruin EC, Birkbak NJ, Szallasi Z, Swanton C. Clonal status
of actionable driver events and the timing of mutational processes in cancer evolution. Sci
Transl Med. 2015;7(283):283ra54.

56. Littler S, Sloss O, Geary B, Pierce A, Whetton AD, Taylor SS. Oncogenic MYC amplifies
mitotic perturbations. Open Biol. 2019;9(8):190136.

57. Rohrberg J, Van de Mark D, Amouzgar M, Lee JV, Taileb M, Corella A, Kilinc S,
Williams J, Jokisch ML, Camarda R, Balakrishnan S, Shankar R, Zhou A, Chang AN, Chen B,
Rugo HS, Dumont S, Goga A. MYC Dysregulates Mitosis, Revealing Cancer Vulnerabilities.
Cell reports. 2020;30(10):3368-82 e7.

58. Reyes-Gonzalez JM, Armaiz-Pena GN, Mangala LS, Valiyeva F, Ivan C, Pradeep S,
Echevarria-Vargas IM, Rivera-Reyes A, Sood AK, Vivas-Mejia PE. Targeting c-MYC in
Platinum-Resistant Ovarian Cancer. Mol Cancer Ther. 2015;14(10):2260-9.

59. Pourdehnad M, Truitt ML, Siddiqi IN, Ducker GS, Shokat KM, Ruggero D. Myc and
mTOR converge on a common node in protein synthesis control that confers synthetic
lethality in Myc-driven cancers. Proceedings of the National Academy of Sciences of the
United States of America. 2013;110(29):11988-93.

21


https://doi.org/10.1101/2020.10.04.325365

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.04.325365; this version posted October 12, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

ACKNOWLEDGEMENTS
We are very grateful for Prof. Samuel Aparicio’s comments and careful review of the
manuscript and Dr. Suzanne Carreira’s review of mutational data in a previous clinical trial.

CONTRIBUTIONS

F.C.M. developed the concept and directly supervised the study; F.C.M., R.C., C.S. and J.D.B.
obtained funding for the study; F.C.M., D.S. and M.V., designed and performed the drug
screens; F.C.M., A.A. and K.H. collected the clinical data, F.C.M. and D.L.C. generated
hypotheses, analysed and interpreted molecular, experimental and clinical data, wrote the
initial manuscript draft and edited the final version; D.L.C. led the bioinformatic and
statistical analysis of the clinical, experimental and genomic data and designed the
manuscript figures I.S. performed the TCGA SCNA/gene-expression and gene-enrichment
analysis and provided considerable bioinformatic support throughout the work. C.M.S.,
M.V.,A.P.,J.H. collected and processed primary tumour and spheroid samples or prepared
their SGWS libraries. M.A. performed the clonality analysis using the multi-regional HGSOC
sequencing data. S.C., L.C., B.D. facilitated access to AZ drugs and drug screen facilities, and
assisted the analysis of results from the drug screen; G.F., H.B., K.H., J.L., P.B., R.C., B.B.,
helped with the analysis by assisting in data collection or establishing avenues of enquiry
related to patient clinical and molecular characteristics. T.B.K.W., M.E., N.M., K.L. provided
guidance on the bioinformatic analysis. S.S. provided processed multi-regional HGSOC
sequencing data. B.B., S.S., .M., C.C., G.E., C.S., J.D.B., provided valuable guidance in the
analysis and/or revision of the data. C.S. developed the concept and supervised the
evolutionary multi-regional analysis. J.D.B. is the lead for the OVO4 study and supervised
the genomic analysis. C.S. and J.D.B. hosted and provided supervision to F.C.M. throughout
the study, reviewed the full analysis and helped preparing the final manuscript. All authors
reviewed, provided valuable contributions and approved the final submitted manuscript.

22


https://doi.org/10.1101/2020.10.04.325365

Figure 1

>

How to predict drug

response in HGSOC?

»
| o

01 -

mTOR pathway
genes

k-RPTOR
EIF4G1
MTOR

- RPS6KB1
RPS6
MLST8
EIF4E
RHEB

F-EIFAEBP1

- —-EEF2K
EIF4B

25‘00 50‘00 ‘ 7“5‘0(‘) 100‘00 12;00 15(;00 ‘ 175‘00 M YC 3 G e n o m I c
Genes ranked by T-statistics ®
2 EREIY B R i
MYC CN influence mTOR activation mTOR N .-4"!'-‘-',)_.5_-.;5"3%-‘- i biomarkers
Figure 6 and 7 i s i it & Figure 2 Driver genes:

and associates with mTOR inhibition - Cancer genes with frequent CNAs
- High CN/gene expression correlation

- Low methylation

1 2 3 4 6 7 9 11 12 14 16 18 20

Correlation CN/gene expression

= Hypothesis: allelic copy number In driver - Known cancer function
o ol . . . »
v 32 ; genes associates with gene expression '
= ] Methylation
s _— and predicts drug response
£3 5 :
= 11
S ; : | e
o _— Targeted Spheroid
< 8 ' a i
3 > therapies , models
- 2 3 4+ Figure 5 Figure 3
MYC CN 1
|
B -
L ' 5 Driver genes MYC
: g : ) :
& 12 drugs Paclltaxel Sphergld modc.-:‘ls from 26 ovarian cancer patients
= . 19 HGSOC samples Figure 4 Ex-vivo vs clinical response to chemotherapy
bioRxiv preprint doi: https://doi )rg/10=2020. 1325365 this version posted October 12, 2020. The copyright holder for this preprint
(which was not certified by leview| author/funder. All rights reserved. No reuse allowed without permission.
I . ° MYC CN correlates with o
Driver genes B I S response to paclitaxel §_
[0} Y [ [ wv
Driver genes CNs inform response E . °: ° i‘f
to targeted therapies S e ) S
S : £
0 o o o
§ i o - N=29 patients
Ex-vivo drug response = ) with HGSOC
Q s A
o
. fud o f T T T T T
Whole genome sequencing E ° Ex-vivo drug response
= C
Clinical validation O Ex-vivo spheroid models
inform clinical drug response
Bioinformatic validation , : , , i
MYC CN
B
W LGSOC (n = 4)
10 4 §=g CCOC (n=1)
e -
| —— - ()
2 25 SPHEROIDS & TUMOUR SAMPLES (n = 6) ==,
S T
3 | a———— 5
—— o
- - =)
© 35 q’
% - oo el
(0 40 — m
> == — —
o P = —
(O]
o 50 - T ==e
3 50 —— I °®
o =
< 55 - e e— O
2 TUMOUR SAMPLES (n = 58) —
c —
2 60 7 ——] °
©
- e» ® e
70 —_—_—t_
Time f di is to last foll . —
75 — . e 1ro agnosis 1o last 1ollow-up
== Time under chemotherapy treatment —— TN ~
go 4 = Aliveat tlme of last follow—up =__..
® Dead at time of last follow—up = . =
[
38 40 45 50 55 60 65 70 75 80 85 90

Age (years)


https://doi.org/10.1101/2020.10.04.325365

Figure 2

A Chromosomes
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21
i PIK3CA TERT MY( KRAS CCNE1
100 — TCGA (N = 579) ! . NE — 100
—— Amplification or Homozygous Loss ° @ ' ;
Gain or Heterozygous Loss ‘ . .
S 80 - : : 80 §
S 5 : kS
Z 60 - : 60 =
€ | €
© 5 S
T 40 5 -4 2
© . ©
£ - £
& 20 1 ' 20
0 — — 0
20 - 20
40 — - 40 *
8 4
3 3
60 — - 60
Spheroids (N = 21)
80 —— Amplification - 80
I Gain
100 - Heterozygous Loss L 100
—— Homozygous Loss
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21
Chromosomes
A . . .
B bioRxiv preprint doi: https://doi.org/10.110/2020.£0.04.325365; this version posted October dfiler reprint D 4 - R P =043 11 (pval. < 1e-100,n = 8720)
(which was not certified by peer rewew) is the author/funder. All rights reserved. No reuse allowed without permission. o p =-0.39 ;i (p-val. = 1.9e-59, n = 1330)
p-val. = 0.04033 p-val. = 0.00530 @ p=-0.34 i ii(p-val. = 1.2e-13, n = 590)
3 o 8 z E p=-0.30 i i (p-val. = 4.2¢-03, n = 115)
p-val. = 0.00948 p-val. = 0.13994 o 21 " f
0.9 ® ! b
0.8 - i | i —i— s AR
c ! ! | i o 09+ ! o § 1- b
S 07 - l l E : & : e = —‘—| ' |_|—'— KRAS pikaCA.
2 : : : ! > 08 ! . ° ° Bl "
= S U e I 8 BN
i : CCNE1 o ! !
L 0.7 | ! ° .
® 05 " KRAS 3 ! ! 8 4 _ R i
S " PIK3CA S I | =l A
S o4 | L1 = L we g 967 ! : 8 £ A :
< (0] I 1 o | | | | L
= - TERT & . - 2 - - N
N o 05 | : 8 z 2 P s
c ! ! [e] [¢] ! ! T
o ' 5 | | o E " i
® 02+ ! i o 0.4 ' ; -3 °
o ! | : 4 = — g
3 A ' | ! . 5 i
g ° i ! : — ¢ 03+ : . -4 ©
e | \ : : © ! \
g 004 ! | | ! s | " TERT s
5 ! | i ! = 0.2 ! . MYC Not cancer genes & <5% CNAS O COOTMMP ------------ L D e o
g 01 | | i — 2 o1 . PIK3CA  Not cancer genes & >5% CNAs Of----m-omoo- ] R fo® o
0.2 | —— i ' i ?‘EASB Cancer genes & <5% CNAs 000 @f--------- 0 ] 4@m00 0
— 0.0 - —— — — — N Cancer genes & >5% CNAs o b----- { D —————————— 1
0.3 - ' - - = - o
(n=14255)  (n=2259) (n=817) (n=156) (n=8720)  (n=1330) (n=5%) (n=119 i
CNA Freq. <5% >=5% <5% >=5% CNA Freq. <5% >=5% <5% >=5% ' ' ' ' ' ' ' ' '
-4 -3 -2 -1 0 1 2 3 4
Non cancer genes Cancer genes Non cancer genes Cancer genes Normalised methylation levels
. Clonal gain . Clonal loss . Subclonal gain . Subclonal loss
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 X
PIK3CA TERT

Total Copy Number Alterations [% patients])

50% A
0%
50% -

Chromosome


https://doi.org/10.1101/2020.10.04.325365

CT
Other

10000

1000

100

CA125

10

1 -

CARBOPLATIN
BEVACIZUMAB

PACLITAXEL
GEMCITABINE
DOXORUBICIN

bioRxiv preprint doi:

Figure 3

Drug response
(standardised by median of control group)

Patient 338 HGSOC Stage IV p-val. = 6.8e-19
B ° . ° ° — *—eo = o0 87
(S Cc D] 7
6 —
(2]
l 4 —
g
g %7
§ 27 _
S o ;
£ '
g 17
j
g 2
[}
E
o -3 .
RN R ] 5
- F 54—
I | 6
[e]
; e ; . ; : N Complete/partial
p$//dpi.grogl0=11891/2020. 50.04.325365; tiyis gergion pastgd Oc®be 12, 2029. Thescapykight hgldey far this preprigt § § 8§ & 57
(which was hoEcéttifiedby pedr r§vi§wflos the®uthoffuRdet. All fights %s@rved.ﬂo"fei?e%ll&\méﬂ Witfouf p&mission < FOEESE S &g response
2012 2013 2014 2015 2016
Oxaliplatin Doxorubicin Paclitaxel Oxaliplatin Doxorubicin
AUC =075 ,_ ° AUC =0.51 p=0.95 Lo1o p=0.54 L 12 p=0.93 L 12
8
[ ° | L]
—i— ° 1.0 1.0 ° 1.0 - 1.0
: ’ N e’
08 — ° — 0.8 ° [J - 0.8 ) ~ 0.8
° ..'. % ®
H ® ° 8
06 — ° ] - 0.6 ® - 0.6 ° - 0.6
: S
04 o4 - o4 "."o 0.4
®
02 — - 0.2 - 0.2 - 02
AN
00 T T T T T T 0.0 T T T T T T T 0.0 T T T T T T T 0.0
I T T T T T T 1 _ T T T T T T T 1 g 8 g 8 g g g 8 § 8 g 8 g g g § § § § 8 g g g 8
] S o o @ é g 2 3 c o S p=3

Control

Concentration in micromolars

Concentration in micromolars

Drug combination

Concentration in micromolars

e C ® P (p-val = 0.534) ® C+G (p-val =0.458) ® C+G+T
® D (p-val = 0.360) ® C+D (p-val =0.959) @ C+P (p-val = 0.008)
2 —_
[ J
[ ]
8 o ° ¢
ﬂ o ) . ®s @ r °
~— o0
< ° i o ¢
©) ° °° o ® °
£ 24 .
o ° g oo
(&] ® )
C
% -4 — [ ] [ ] [
= ° o® °
(@] °
[ ]
6 — °
[ J
8- 4
[ ]
[ I I I I I |
0.0 0.2 0.4 0.6 0.8 1.0 1.2

Area under the curve

Concentration in micromolars

@ st line (L1)

Concentration in micromolars

Line number
@ 2nd line (L2)

(e}
o
1
|
|
Stable Progressive
disease disease
Gemcitabine
p=0.91 Lo
'. 3—140 °
c
Y ii— 0.8 8
e ° g
ee ] L =
°e R 0.6 %
° 5
e © - 0.4 8
8 o
<
H o2
T T T T 7T 0.0
wn o w0 o e} o wn o
23382 2 5 a ©
g o o

Concentration in micromolars

e 3rd line or more (L3)

0 L1 L2
L1 0.0005
L2  0.8123 0.3796
L3 0.6936 0.0002 0.6265

2_
Q& 0-
<
o
£ 24
(O]
o
o
& "t
£
-6 —
-8—.
I
0.0

0.2

0.4 0.6

I I |
0.8 1.0 1.2

Area under the curve


https://doi.org/10.1101/2020.10.04.325365

Adjusted Copy Number (log2 scale)

Area under the Curve
o
>

S
KRAS
PIK3CA

TERT
CCNE1

0.8

0.6

Area under the Curve

0.4

0.2

0.0

KRAS
PIK3CA
CCNE1

32

16

1/2

1/4

1/8

bioRxiv preprint dof: https://ddi.org/10.1101/202010.04.325365; this version posteg,Qctober 12, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/fgnder. All rights resen

AMPLIFICATION

GAIN

HOMOZYGOUS LOSS

Paclitaxel

B HGSOC W LGSOC  CCOC
Precise M Noisy
2liz2liziizliz Bl 222l 1 IZIEIEL 1 2Bl 22 2 22
3 3 3 3 2@ 3 20562 3 3 3 2 2[4
88 ClEIE] 2 BliEl - ECliE 23 3 33332 33
gl 2 2 2 2 2 2 @l o 2 1|8 2 |CIENE 2 2 2 2 |ENE
Bl2 3 2 2 2 2 3Bz 2 3 2 8l 2 1 2Bl2 2 2 3
1ACN 2 ACN 3ACN M >3ACN
Doxorubicin
°
L]
L]
| | .I
| | L]
L[]
LB ] o ©
L]
] - ¢
" I.. L °°
L] L]
] ] L] ....
] PRI I
[ ] o ©
n e
P B
L]
]

I I I B B B Y Y I S O IO B B
B8 88 as 8 §iiigeRts iy
B HGSOC W LGSOC  CccoC
Precise M Noisy
2 2 2 2@zl 1 20222 Elaliziziz] 1 2l el 2zlizlE
3 3 2043 3[4 3 243 3 2 2 220 3 4
el 2 2 EIEIEIEIEIEIENE Bl 2 Ele 3 323 3 3
2 2 2 2223 1][lls 2 2 gl 2 2 2 3 3 el - El: E
B s 2 2[@l3 2 2 2 2 2 2 2 2 2 3 1 2 68 3
1ACN 2 ACN 3ACN M >3ACN

PIKSCA

— 95

— 3.0

— 0.95

— 0.30

1C50 (log scale)

— 0.095

— 0.030

— 0.0095

KRAS
MYC
PIK3CA
TERT
CCNE1

IC50 (log scale)

0.095

~ 0.030

— 0.0095

KRAS

PIK3CA
TERT
CCNE1

5 6 7 8 9

TERT

5 6 7 8 9

C

Figure 4

Chromosomes
10

MYC

10
Chromosomes

p-val. trend = 0.0491 p-val. trend = 0.0472

_
H

Paclitaxel drug response (AUC)

ved. No reuse allowed without permission.

i
i
|
|
i
:
i
i
° ‘ ;
I I
i
i
:
‘
|
|
|
4
.
|
i
|

0.2 -
0.0 T T T T T T —e- l—v—f
00 05 10 15 20 25 30 2 3 4+
MYC RCN (log2 scale) MYC ACN
p-val. trend = 0.1928 p-val. = 0.0410
1.2
) —_
1.0
g é
2 0.8 - [E]
® '
@ e © H
3 [}
0
o
> 06
2
-Z .. ()
2 Se .
2 [ ] ® H 4
S i
é 0.4 o :
a . —_
0.2 -
0.0 T T T  E— —
1.0 0.5 0.0 0.5 2 3 4+
KRAS RCN (log2 scale) KRAS ACN

11 12

KRAS

11 12

Chemotherapy response (CA125 change)

14 15 16

14 15 16

B PACLITAXEL

17 18

17 18

20 22

CCNEH1

4.5

25

1.5

0.5

20

22

B CARBOPLATIN+PACLITAXEL

p-val. trend = 0.0497
p-val. trend with control for purity = 0.0051

I I T T T T
0.0 0.5 1.0 1.5 2.0 25

MYC relative copy number (log scale)


https://doi.org/10.1101/2020.10.04.325365

3
Oxaliplatin
2

AZD2281 1
0

Paclitaxel 4

Doxorubicin

Gemcitabine

AZD6738

AZD1775

AZD2014

AZD5363

AZD8835

AZD8186

AZDO0156

© O U W N DN DA DDWDON =B D W
O DN W WO WO =+ NN WWwH © g o B ® O
2O a0 0N®000N00dsse 0 o &
A28 2828248048208 828R0882482048%04824%
KRAS 3122222222222 EREIEECN2] 1 I22lE) 2 2 KRAS
MYC 23 23 3HEs 2 3043 2 4741 3 51 2 MYC
PIK3CA 33323323333 3 333 23323 2 PIK3CA
TERT 73 3 2 2 Bl 2 2 IBlSl 2 1 2 2 2 2 ISl 2 IS8 2 TERT
CCNE1 1 202 2 2 lemel 3 2 2 2 2 23322 2 CCNE1
1 ACN 2 ACN 3ACN M >3ACN

bioRxiv preprint doi: https://doi.org/10.1101/2020.10.04.325365; this versionposted October 12, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

1.2

1.0

0.8

0.6

Area under the Curve

0.4

0.2

0.0

KRAS
MYC
PIK3CA
TERT
CCNET1

1.2

1.0

0.8

0.6

Area under the Curve

0.4

0.2

0.0

KRAS
MYC
PIK3CA
TERT
CCNE1

Figure 5

p-val. = 0.0001

AZD6738 (ATR)
AZD2281 (PARP)
Doxorubicin
Gemcitabine
AZD1775 (WEE1)
Paclitaxel
Oxaliplatin
AZDO0156 (ATM)
AZD8835 (PI3Ko)
AZD2014 (mTOR)
AZD5363 (AKT)

AZD8186 (PI3KP)

Cell cycle

— 0.95

— 0.30

0.095

0.030

525-s1 —

720-s1 —4i
156-s1 —

294-s1 —HI

545-s1 —f
409-s1  —
364-s1 —
413-s1  —|
518-s1 —{
648-s1 —
819-s1 —
680-s1 —|
338-s1 —f
783-s1 —f
669-s1 —
864-s1 —
333-s1 —
409-s2 —
626-s1 —
839-s1 —{
466-s1  —
788-s1 —|
904-s1  —|
467-s1 —

0.0095

248-s1 —
875-s1 —{
687-s1 —
800-s1 —

B HGSOC m LGSOC  ccoc

Precise M Noisy
2 2 2 2 2 2 2

H
w
w

[ASIE \CI \C N \C V)

NN
NN

3ACN H >3ACN

AZD2014 (mTOR)

Re

Gg

KRAS
MYC
PIK3CA
TERT
CCNE1

3.0

— 0.95

— 0.30

— 0.095

— 0.030

— 0.0095

467-s1 —
156-s1
525-s1 —f

294-s1 —
680-s1
819-s1 —f

720-s1
409-s1
518-s1 —f
545-s1 —f
875-s1 —f
364-s1 —
669-s1 —|
413-s1  —|
783-s1 —|
333-s1 —f
864-s1 —f
904-s1 —
409-s2 —
338-s1 —
788-s1 —|
466-s1  —
626-s1 —
800-s1 —

M HGSOC W LGSOC  CCOC

Precise B Noisy

[\CIN G G VI V)
NN W

839-s1 —
248-s1 —
687-s1 —|
648-s1 —

KRAS
MYC
PIK3CA
TERT
CCNEH1

IC50 (log scale)

AZD8186 (PI3KP)

IC50 (log scale)

AZD5363 (AKT)

£ 3 S £ ®§ § & § & &
I £ ©

e 5 kB &2 £ u 5 =8 % &

E & o S § 2 5 35 &£ &

s = ¥ = 1Y

< o] 3 o 0 £ P — Q@
[To) - N [0} ©

1) ] [=] N o a I\ @

~ o] [a] - N [a]

8 8§ 5 a N MYC

N a << N N <

< X < <

DNA damage/repair Il  PI3K/Akt/mTOR

E

p-val. trend = 0.0438

%)
o)
<
3
S
D (] ®
9 06 —|
S
o )
Te)
S
Qo4
<C
0.2
0.0 : | : |
0.0 0.5 1.0 15
CCNE1 RCN (log2 scale)
G
— p-val. trend = 0.2593
29 p-val. trend = 0.0139
(excl. CCNE1 ACN>6)
(]
1.0 H ®
08 -
o . [ |

AZD2014 (mTOR) drug response [AUC]

CCNE1 ACN:
® <=6 \\\
u >6 \\
0.0 T T T T T | T
0.0 0.5 1.0 1.5 2.0 2.5 3.0

MYC RCN (log2 scale)

CCNEH1

Paclitaxel 0.4
o 0.2

Gemcitabine

0
AZD2014 (mTOR)

-0.2
AZD6738 (ATR)

-0.4

Oxaliplatin
AZD5363 (AKT)
AZD8835 (PI3Ka)
AZD1775 (WEE1)

AZD2281 (PARP)

AZD0156 (ATM)
AZD8186 (PI3KB)

Doxorubicin

TERT KRAS PIK3CA

p-val. trend = 0.1197

1 1

2 3

CCNE1 ACN

4+

p-val. trend = 0.0809

p-val. = 0.0205

T
2 3 4+
MYC ACN


https://doi.org/10.1101/2020.10.04.325365

Figure 6
B

mTOR - Cell survival

o p-val = 0.0245 p-val =0.0197
0.5 — o 0.6 —
g
c 0.4 -
2 ' EEF2K
o — i
a 0.3 ' EIF4B o
& ! RPS6 2 04
o 0.2+ ! RPTOR @
& : EIF4G1 2
o : EIF4E o U 03 4
O 0.1 - MLSTS sz ¢
s MTOR » 3
= RPS6KB1 € g
-*; 0.0 RHEB “E’_g 0.2
- EIF4EBP1 £ ®
5 S5
2 01 - ! S
E i Wy 01~
[ ' O
8 0.2 : =
c |
-%. : c 0.0
° -0.3 ! |l || ||
-0.4 e 5 [I 5 i P s
X = ' ® | '
8 mTOR pathway ~§¥ @ Og% < & b g ] @
-0.5 — genes W= FoE n L oL I =
Lo [a P T
| | || [ | | [ ] | i | | | [ |
Other genes mTOR pathway 1 2500 5000 7500 10000 12500 15000 17500
genes Genes ranked by T-statistics
c Cancer X300 XK X XK MO MK KX XX ROKOMOTKIIN X HOBMK XXX XK X XX X XXMM X XM X XX KX XX 2 20 B XRK XO0C HBOK MRV MBS XML MK X DOKX XK JOVUOBEX FOC IR IOIMMOBOIONK . MK 3K Other cancer
genes x>0k X X X XX X XX X XK XX XXX X XXXX XX X XK XXX X X X X X XX X BX XX X [ X X X X X X % XX X X PISE(AESAS ?ne:la"g)s
MYCL PRKCI TERT [E2F3 MYC [AKT1|[IGFIR] ~ |RPTOR [CCNE1 8 25 S o
w00 ! = : . ] [eeioz) I ] ES o1 T o
— i " ; ; ; ; : i : 28 i =
g i - Kens ' ! 3| S I
c o0 s : HEE: 25 w- |
S " P §$ ° 5 .
8 ol e : : : : : ol i 2% _-_
b|0R)‘§_/ prepiint dei: httpsi//doi#rg/10.1101/2020.10.04.325365; this Version postetl October 12, 2020. The copyright holder for this preftint p =3 i :
€  (which V\:/as n ified lzy peer review) is thor/funder. All rights reserved. No reuse allowed jithout pgrmission. @ | 3T 5 @ i '
© 40 ' : ' 5%5 10 L i
c 20 = 20 °
3 kb f 87 - | <0.0001
E : f ‘ ! : TCGA HGSOC cohort
20 E E E E E E E Samples with MYC gain or amplification (n=460)
. | ‘ ! C i —— Amplification
= ' : ; : : b Gai
&\o/ 40 E ! . S ' 0o H:;grozygous Loss
I : | { : : o ~— Homozygous Loss
7] 1 i ' . e
3 60 E E E 3 E E Samples without MYC gain or amplification (n=119)
] f ; N Iy —  Amplification or Homozygous Loss
80 ° ! > E f": Gain or Heterozygous Loss
E . . f Pathways
100 - LG : : : . [0 Apoptosisicell cycle/DNA repai
FATH [RPS6KA2] [PPP2R2A| RBA TP53 O F.f’;f,gf\';;i“fv{;yes ropair
1 2 3 4 5 6 7 8 9 10 1 12 13 14 | 15 |16 | 17 18 |19 20 2122
D Chromosomes
PTEN IGF1R NF1
A 1 8 8 8 - 5 15 5 3 2 - 5 A 18 3 4 - 5
3_270/0 .......... s > g 4_760/0 .......... " e (; 6_250@ .......... 5 = g
2 (@] 2 8 (@) 12 10 (@]
R 15 5 =z 11.52% - 4 z 7.82% oo 19 15 9 1 z
PTEN ACN IGF1R ACN NF1 ACN
p-val. =0.0011 /0.0250 p-val. =0.0013 /0.0012 p-val. = 0.0025 / 0.0049
Legend
Gene type
Tumour suppressor
GAB2 PIK3CA KRAS Oncogene
A £ 5 Z A = nteraction
6 7 9 3 - < 1 383 14 7 - < 4 3 16 2 - < I t t
9_520/0 .......... 15 13 g 21 _730@ .......... (; 131 OA.’ .......... . . g : ACt|Vat|on
2 E o g 2R 9 Inhibition
A —— =z 38.68% - 6 z N5 Qo p— =z _|
GAB2 ACN PIK3CA ACN KRAS ACN ACN levels
p-val. = 0.0002 / 0.0009 p-val. = <0.0001 / 0.0003 p-val. = 0.0001 / 0.9569 - Homozygous Loss
Heterozygous Loss
Diploid
Gain
B Amplification
PTK6 AKT1/2/3 Samole <
. . . ample size
| _B | B | B | _B -
11.61% oo+ g O 4.46% | g . 9.82% | prmmm . 714% | e S
° LS > é ° LI ° 8 ° ! 12 > 1to5
14 22 (@) o il 11 ;8 2 i 10 (@)
)75 oscomecs 8 = 6.17% 5.35% s 12.76% 1 = 61019
PTK6 ACN AKT1 ACN AKT2 ACN AKT3 ACN 201039
p-val. = 0.0004 / 0.2929 p-val. = 0.0367 /0.0035 p-val.=0.0107/0.1085 p-val. = 0.0007 / 0.4418 407t5° =
>



https://doi.org/10.1101/2020.10.04.325365

Gain and amplification (%)

Loss (%)

Gain and amplification (%)

Loss (%)

Gain and amplification (%)

Loss (%)

Cancer 300 3K X XK MM

genes OO0k X X
MYCL MCL1]

100 —

80 —

60 —

20

60 —

80 —

100 —

Cancer 3 3K X 3K XM
genes >0 X X

100

80 —

bioRxiv in doi.org/10.1101/2020
wi icmw by peer reviewgisthe author,

60 —

40 —

20 —

60 —

80 —

100 —

Cancer 300 3K X XK MM
genes OO0k X X X

100 —

80 —

60 —

20 —

20

60 —

80 —

100 —

X X X

xx)o<>o<>ooo-ooL(o-x XOROBR DO XK X XXX XXX X
XX X XXX XK XX X X XXXX

Ml
"

' "

' "

' "

' "

' "

u: "

" :

"

41 "

"

"

LRP1B

*XXXXXM'O&LB.X XOROBB DO XK X XXX XXX

XX X XXX XX XX X X XXXX

325365

E O XX XIEY

=
us)
T
=
o]

ersion
Il ri

X X

f ‘1
.Llﬂntﬂ’.ﬂadmm:u"h A m&y- gt iy

XXX XXX

XXXX

X

|RPSE

X)OHOO!JG(XXX)(XXX)K 3
X X >

Octob . The
served d.

o B

Figure 7

XXX XK XK 3
Ko XXX X >

EGFRBRAF
'

iihi a2 ‘I-l.
I s

W

KNZ8)
RNaA

7 8 ‘ 9 10 1
Chromosomes

”X XXK)OO(L(X

X X X X

er for
ission.

XX XK K

yyrigh
ithout pe

|
U

11

'KA2|
7 8 9 10 1
Chromosomes

12

I

LNy

14

14

14

A lu.mhh,.-. !\u nﬂﬂ\v N
L] S2)i 2 g o \ ‘.’ U "" N

15 116 | 17 | 18 119120 2122

N
bt bl VAR M

15 116 | 17 | 18 19120 |21 22

15 116 | 17 | 18 119120 2122

Other cancer
PIBK/RAS  genes
genes (n=398)

g 40 — (n=82)

Bt ©

ES © B

5§ %0 - :
5 8% : |
s2g 20 ' )
T ® 1
>0 =
§_¢‘ﬂ 2 10 -
228 |
‘g 5 g 0 1 |
ceEs i |
= Q= PR — |
8®s 10 !
c OO0 i
o E £ Q !
oot _ o —
£ E = -20 8
asg

T

€ c -30 —

%

< _

S -40 p-val. = 0.0001

TCGA Breast cancer cohort

Samples with MYC gain or amplification (n=219)
=  Amplification
. Gain
~ Heterozygous Loss
=== Homozygous Loss

Samples without MYC gain or amplification (n=42)

- Amplification or Homozygous Loss
. Gain or Heterozygous Loss

Pathways

[ Apoptosis/cell cycle/DNA repair
[]  PI3K/RAS pathways

Other cancer

PI3K/RAS  genes
genes (n=400)

g (n=82)

.

£6 50 —
5oL 40
583
LEE
=85 30 o g
g'm c —_
238 ' :
325 20 i i
259 i i
c§5s 10 - -
= O =
0 E =
283 '
QE £ 0 |

= 1

L2z —_ |
0=s2 10 -

o g

LE=

£% 20 -

o p-val. =0.5870

METABRIC Breast cancer cohort

Samples with MYC gain or amplification (n=159)
= Amplification
. Gain
' Heterozygous Loss
«=Homozygous Loss

Samples without MYC gain or amplification (n=60)

- Amplification or Homozygous Loss
_ Gain or Heterozygous Loss

Pathways

[0 Apoptosis/cell cycle/DNA repair
[_] PI3K/RAS pathways

Other cancer
PIBK/RAS  genes
genes (n=398)
(n=82)

40 —

30 — © ©

1
20 i

with and without 'MYC gain or amplification’
o o
| |

Difference in frequency (%) of
'gain and amplification’ or 'loss' between samples

10 il
8
20
-30 —
40~ p-val. <0.0001
TCGA Lung SCC cohort

Samples with MYC gain or amplification (n=351)
=  Amplification
. Gain
~ Heterozygous Loss
=== Homozygous Loss

Samples without MYC gain or amplification (n=150)

- Amplification or Homozygous Loss
. Gain or Heterozygous Loss

Pathways

[ Apoptosis/cell cycle/DNA repair
[]  PI3K/RAS pathways


https://doi.org/10.1101/2020.10.04.325365

28 spheroid samples

Supplementary Figure 1

OVO4 cohort (85 patients)

/

l—r - 1 matched spheroid sample

27 patient/spheroids (CA125 vs CT)

\

64 primary tumours

|

38 patients (Paclitaxel as 15t/2" CT line) - 41 CT lines
10 patients (Doxorubicin as 15t/2" CT line) - 10 CT lines
(CNAs vs Clinical drug response)

22 spheroids

l—> - 5 spheroids non-HGSOC (5 patients)

- 2 with no sequencing data
- 2 with hiﬁh variabilit

\ 4

<
<

- 4 patients (no chemotherapy data)

bioRxiv prepri

t doi: https://doi.org/10.1101/2020.110.04/3253R5; this version posted October 12, 2020. The copyright holder for this preprint

(which was not certified by peer review) is tjfe authd/funder. All rights reserved. No reuse allowed without permission.

18 spheroids

(Ex-vivo drug response vs CNAs) (Ex-vivo vs clinical drug response)

18 spheroids

TCGA cohort:
- CNA data in 587 patients
- Combined CNA/RNA data in 382 patients

- Methylation data in 582 patients



https://doi.org/10.1101/2020.10.04.325365

Total Copy Number Alterations [% patients])

Supplementary Figure 2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 X
MYC KRAS

\ 1 \ 1
\ f \ ]

1
1
1

DRxiv preprint doi: ht i.org/10. 2020.10.04.3253 nis version ted October 12, 2020. The copyright holder for this
(which was not certified b er review) is the author/funder. All rights reserved. No reuse allowed without permission.

50% -

0%

509

r

Chromosome



https://doi.org/10.1101/2020.10.04.325365

egression Wald t-test statistic

bioRxiv preprint doi: https://ﬂorg/
(which was not cer@ed by peer r

Ord

8.5 —

8.0

7.5

7.0 —

6.0101

5.5

5.0

Supplementary Figure 4

TDL
TRc MDL TRE
MRL
MRC
TSL
MSL
mpc TDC
TSC
MSC
TRO
MRO .
Interpolation methods
M M-splines
T Triangular method
P020.10.04.325365; this version posted October 12, 2020. The copyright holder for this preprint .
bview) is the author/funder. All rights reserved. No reuse allowed without permission. Functions

TDO
MDO

TSO

45 —

MSO

D Difference
R Ratio
S Slope

Scales

C Cubic root
L Log2
O Original

I I I I I I I I I I I I
7 8 9 10 11 12 183 14 15 16 17 18

Methods (ordered by T—values)


https://doi.org/10.1101/2020.10.04.325365

