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SUMMARY

To improve our understanding of ovarian cancer, we performed genome-wide analyses of 45 

ovarian cancer cell lines. Given the challenges of genomic analyses of tumors without matched 

normal samples, we developed approaches for detection of somatic sequence and structural 

changes and integrated these with epigenetic and expression alterations. Alterations not previously 

implicated in ovarian cancer included amplification or overexpression of ASXL1 and H3F3B, 
deletion or underexpression of CDC73 and TGF-beta receptor pathway members, and 

rearrangements of YAP1-MAML2 and IKZF2-ERBB4. Dose-response analyses to targeted 

therapies revealed unique molecular dependencies, including increased sensitivity of tumors with 

PIK3CA and PPP2R1A alterations to PI3K inhibitor GNE-493, MYC amplifications to PARP 

inhibitor BMN673, and SMAD3/4 alterations to MEK inhibitor MEK162. Genome-wide 
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rearrangements provided an improved measure of sensitivity to PARP inhibition. This study 

provides a comprehensive and broadly accessible resource of molecular information for the 

development of therapeutic avenues in ovarian cancer.

In Brief

The overall survival of patients with late-stage ovarian cancer is dismal. To identify therapeutic 

opportunities, Papp et al. integrate genomic, epigenomic, and expression analyses to provide a 

resource of molecular abnormalities in ovarian cancer cell lines and use these to identify tumors 

sensitive to PARP, MEK, and PI3K inhibitors.

Graphical Abstract

INTRODUCTION

Despite significant advances in therapies for other solid tumor malignancies, the overall 

survival of patients with late-stage ovarian cancer has remained dismal with few new options 

for treatment. The standard therapy involves debulking surgery followed by chemotherapy. 

Part of the reason for the lack of novel therapies for ovarian cancer has been an inadequate 

understanding of the underlying molecular characteristics of this disease, especially in the 

context of cancer cell models that can facilitate the development of various cancer 

treatments.

Recent studies have highlighted the genomic complexity and heterogeneity of ovarian 

cancer. These have included a catalog of sequence mutations, focal changes in DNA copy 

number, gene expression, and methylation alterations in high-grade serous ovarian cancer 

(Cancer Genome Atlas Research Network, 2011), as well as whole-exome analyses of 

ovarian clear-cell carcinoma and low-grade serous carcinoma (Jones et al., 2012, 2015). 

Genome-wide sequence analyses of high-grade serous ovarian cancer identified drivers 

associated with primary and acquired resistance to chemotherapy (Patch et al., 2015; Labidi-
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Galy et al., 2017). More recently, a catalog of proteomic alterations in high-grade serous The 

Cancer Genome Atlas (TCGA) samples has been integrated with structural alterations and 

correlated with clinical outcomes (Zhang et al., 2016). Hypothesis-generating 

pharmacogenomic studies involving cancer cell lines, some of which were ovarian, have 

revealed genetic- and expression-based alterations associated with resistance or sensitivity to 

a panel of drugs (Garnett et al., 2012; Barretina et al., 2012).Cell line studies have evaluated 

high-grade serous, clear-cell, and other cancers using targeted genomic and other molecular 

analyses (Domcke et al., 2013; Anglesio et al., 2013; Ince et al., 2015). These initial efforts 

were extended to demonstrate the similarity of molecular alterations in cell lines to those in 

corresponding tissues, to develop approaches for incorporating multiple data types to model 

sensitivity, and to apply these models to larger drug panels (Iorio et al., 2016). Despite these 

advances, a comprehensive analysis of genome-wide structural alterations, including intra- 

and inter-chromosomal translocations and gene fusions, and integration of these data with 

whole-exome sequence, epigenetic, and expression information are not available for many 

histological subtypes of ovarian cancer. Furthermore, the therapeutic response of these 

ovarian cancer subtypes to common targeted therapies is not well understood.

Here, we performed complementary molecular analyses of 45 ovarian cell lines of different 

histologies, including serous, clear-cell, endometrioid, and mucinous cancers. As these cell 

lines do not have matched normal tissues, we developed approaches to characterize tumor-

specific alterations at sequence and structural levels, and integrated these with methylation 

and transcript changes to identify the compendium of alterations within genes and pathways. 

Using the same cell lines, we evaluated the effect of a few targeted agents of common 

pathways using in vitro cell survival assays. Our analyses identified molecular alterations 

not previously reported in ovarian cancer, delineated genes modulated by genetic and 

epigenetic changes, and highlighted specific sequence, structural, and epigenetic alterations 

associated with sensitivity and resistance to common pathway inhibitors.

RESULTS

Overall Approach

We aimed to assemble a collection of ovarian cancer cell lines that would be representative 

of the different histological subtypes. These encompassed both publicly available as well as 

newly generated cell lines, ultimately comprising 19 serous, 9 clear-cell, 3 mucinous, 2 

undifferentiated, 2 endometrioid, 1 mixed, and 9 unclassified subtypes (Table S1a). 

Information related to the original description and classification of these cell lines is 

indicated in Table S1a, and the origin of the lines was confirmed using unique short tandem 

repeat (STR) analyses (Table S1b). To identify sequence and structural changes in these 

ovarian cancer cell lines, we performed next-generation whole-genome analyses at an 

average coverage of 32x and 116.6 Gb per sample (Table S1c). As matched normal DNA 

was not available for these samples, we also sequenced a set of 18 unmatched DNA samples 

from normal blood or lymphoblastoid cell lines from individuals of various ethnicities. We 

developed approaches to focus on likely tumor-specific sequence and genomewide structural 

changes, including amplifications, deletions, and rearrangements. In parallel, genome-wide 
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methylation analyses were performed and integrated with genomic and expression data in 

order to obtain a comprehensive molecular profile of these samples (Figure 1).

Sequence Analyses

A high-sensitivity analysis of sequence alterations, including single-base substitutions and 

small insertions and deletions, was performed for the exomes of these samples. Given the 

challenges of characterizing tumor-specific (somatic) changes in tumor samples without 

matched normal tissue (Jones et al., 2015), we developed stringent bioinformatic approaches 

to determine likely somatic mutations. Removal of common germline variants resulted in an 

average of 928 alterations per cell line exome, comprising 41,768 changes that included rare 

germline and somatic alterations. Six cell lines (two clear cell and one each of endometrioid, 

serous, unclassified, and mixed lineage) were hypermutated, having alterations in mismatch 

repair (MMR) genes MLH1, MSH2, MSH6, or PMS2, and six times as many sequence 

changes compared to those tumors that were MMR proficient (Table S1d). To focus on 

likely somatic alterations involved in tumorigenesis, we analyzed the sequence alterations in 

each cell line and identified changes that have been previously detected in the coding 

genomes of other cancer patients (Forbes et al., 2010). We also identified nonsense 

orframeshift inactivating mutations in a panel of tumor suppressor genes (Table S1e). 

Through these analyses, we discovered 659 putative driver somatic mutations across 45 

ovarian cell lines (Table S1f).

The most frequently mutated gene was the TP53 tumor suppressor gene (altered in 25 non-

hypermutated and 3 hypermu- tated tumors). Excluding hypermutated samples, other genes 

frequently mutated included ARID1A (14 cancer cell lines), PIK3CA (6), SMAD4 (4), 

KRAS (4), APC (3), CREBBP (3), and PPP2R1A (3). Mutations were predominantly CpG 

transitions C→T or G→A (48%) followed by non-CpG transitions A↔G or C→T (25%) 

(Figure S1A). These observations are consistent with mutations in TP53 in a high fraction of 

serous ovarian cancers (Cancer Genome Atlas Research Network, 2011), and PIK3CA, 
ARID1A, and PPP2R1A in clear-cell tumors (Jones et al., 2012). Analysis of mutation 

signatures aggregated by ovarian cancer subtypes revealed that serous, mucinous, and 

undifferentiated tumor cell lines had an age-related signature previously reported in ovarian 

adenocarcinomas (Alexandrov et al., 2013). Clear-cell and serous ovarian cancers also had a 

profile consistent with a MMR-associated mutation signature, likely due to the subset of 

tumors with MMR defects in the cell lines (Patch et al., 2015) (Figure S1B). Overall, both 

the compendium of mutated genes as well as mutation-associated signatures were 

representative of previous ovarian cancer genome analyses (Table S1f).

Structural Variant Analyses

Given the importance of structural alterations in the development of ovarian cancer (Cancer 

Genome Atlas Research Network, 2011; Patch et al., 2015; Zhang et al., 2016; Labidi-Galy 

et al., 2017), we used whole-genome sequence data to characterize copy number changes as 

well as rearrangements that may affect key driver genes. We first considered existing 

approaches for whole-genome analyses, including DELLY and LUMPY, but these typically 

use matched normal sequences to accurately identify tumor-specific rearrangements (Rausch 

et al., 2012; Layer et al., 2014). Given the multitude of tumor cell lines and other cancer 
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specimens where matched normal DNA is not available, we developed a framework for 

structural variant detection called Trellis that could be used with tumor genome sequence 

data directly. Additionally, because many structural changes are linked genomically (i.e., an 

amplified gene has both copy number changes and rearrangements that can be located in 

multiple locations of the genome), we aimed to connect the multiple changes that were 

related to individual genetic targets. The features of this approach include (1) detection of 

tumor-only structural changes through removal of germline and artifactual changes, (2) 

distinction of focal homozygous deletions and amplifications from larger structural changes, 

(3) connection of apparently disparate copy number regions using paired sequences in the 

same amplicons, (4) detection of homozygous and hemizygous deletions through copy 

number and rearrangement data, (5) confirmation of rearrangements using a stringent local 

realignment to detect and remove spurious paired read and split alignments, and (6) 

identification of in-frame rearrangements that would likely lead to gene fusions.

To implement the Trellis approach, we excluded low complexity sequences by mappability, 

as well as regions of germline copy number variants (CNVs) and rearrangements detected in 

the genomes of 18 samples derived from normal blood cells. We divided the remaining 2.7 

Gb of the genome into 1-kb bins and examined areas of increased read density (>2.75-fold) 

to identify copy number gains, and regions of decreased read density (<0.6-fold) to detect 

hemizygous or homozygous deletions greater than 2 kb using approaches similar to digital 

karyotyping (Wang et al., 2002; Leary et al., 2008). We identified rearrangements from 

atypical orientation or spacing of paired reads as well as split read alignments (see 

Experimental Procedures:Implementation of Trellis).

To evaluate the specificity of our approach in a set of nontumor samples where we expected 

very few somatic structural changes, we used a leave-one-out cross-validation analysis 

among the 10 unmatched normal blood samples. Using Trellis, these analyses identified no 

focal high copy gains. On average, we identified 5 hemizygous deletions (interquartile 

range, 2–15) and 1 homozygous deletion (interquartile range, 0–8) in the normal samples 

(Figure 2). Likewise, the average number of rearrangements observed per sample was 3 

(interquartile range, 0–6). These observations are consistent with previous descriptions of 

germline structural changes in normal DNA, in particular in lymphoblastoid DNA (Shirley 

et al., 2012), and suggest a high specificity of our approach for detection of bona fide 

somatic alterations (mean specificity, 0.97).

By contrast, analysis of normal samples with DELLY or LUMPY detected hundreds to 

thousands of structural changes in each normal DNA sample (Figure 2). With DELLY and 

LUMPY, the average numbers of focal high-quality copy number alterations were 13 and 21, 

respectively. The average numbers of intra- and inter-chromosomal rearrangements 

identified by DELLY were 297 and 433, respectively, and for LUMPY these were higher, at 

511 and 2203, respectively. The number of alterations observed by DELLY using low-

stringency settings was higher yet (Figure 2). False positives for copy number changes 

appeared to largely be due to inclusion of single-copy gains and losses, with neither DELLY 

nor LUMPY distinguishing hemizygous from homozygous losses or single-copy gains from 

high-copy amplifications. The source of the rearrangement false positives appeared to be 
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largely the result of mapping artifacts due to low sequence complexity in putative 

rearrangements (Figure S2).

To assess the sensitivity of this approach, we sequenced 16 cell lines using high-coverage 

next-generation sequencing of 111 genes comprising 585,216 bp. Computing the fold 

change of read depth at these targeted regions, we found four high-copy amplifications with 

fold change ≥6, nine low- copy amplifications with fold change ≥3 and <6, and nine 

homozygous deletions. Trellis detected all four high-copy amplifications, including 

amplifications of AKT2, CCNE1, and KRAS. All nine regions identified as low-copy 

amplifications by targeted sequencing were also determined to be low-copy amplifications 

by Trellis, corroborating quantitative and qualitative characteristics of the amplifications. 

Similarly, all nine deletions discovered by targeted sequencing, comprising CDKN2A (8) 

and NF1 (1), were also characterized as homozygous deletions by Trellis. Overall, these 

analyses established that the Trellis approach had both high specificity and sensitivity for 

detection of structural alterations that are currently not possible with tumor-only samples 

using existing approaches.

Linked Amplicons—We focused our analysis of amplifications to regions smaller than 3 

Mb that were present at >2.75-fold compared to the modal genome copy number, as such 

alterations have historically been linked to amplified driver genes (Leary et al., 2008). An 

analysis of the 45 ovarian cancer samples identified 538 focal amplicons, or an average of 12 

amplicons per tumor (Table S1g). As multiple amplicons within the same tumor may be 

derived from an amplification of a single target gene localized to different chromosomal 

regions (Leary et al., 2008; Campbell et al., 2008; Greenman et al., 2016), we examined the 

possibility that amplicons may be linked. Using our paired read whole-genome analyses, we 

found that reads at the edges of many amplicons were linked with aberrant spacing and/or 

orientation with respect to the reference genome. In order to identify links between 

apparently distant amplicons, we visualized these as undirected graphs where the nodes were 

amplicons and edges between amplicons were defined by multiple paired reads aligned to 

both genomic locations (e.g., Figures 3A and 3B). Our analyses discovered 57 amplicon 

groups from the 538 amplicons across the ovarian tumor cell lines. Among tumors with at 

least one am- plicon, the median number of amplicon groups was 2 and the median number 

of amplicons within an amplicon group was 4 (interquartile range, 2–9). The majority of cell 

lines (15/28) with an amplicon group contained known driver genes. As an example, cell line 

ES-2 had 41 apparent amplicons, but through this approach we determined that 38 of the 

amplicons were linked to a single group that contained the CCND1 driver gene (Figure S4). 

Both the copy number (t = 3.3, p = 0.003) and number of connections between amplicons (t 
= 5.3, p < 0.001) was significantly higher for amplicon groups containing known drivers 

compared to amplicon groups without known drivers (Figure 3C).

Driver genes that were amplified in two or more cell lines as part of amplicon groups that 

have previously been observed in ovarian cancer included well-known oncogenes such as 

MYC (4), ERBB2 (2), CCND1 (2), CCNE1 (2), FGFR4 (2), and KRAS (2). Interestingly, 

we identified amplifications of cancer driver genes that have not been previously appreciated 

in ovarian cancer, including epigenetic regulator ASXL1 (2), H3 histone family member 

H3F3B (2), NOTCH family receptor NOTCH4 (1), repair and recombination paralog 
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RAD51C (1), and ubiquitin ligase RNF43 (1). ASXL1 amplification and overexpression 

have been previously identified in cervical cancer (Katoh, 2015), and over-expression of 

H3F3B has been reported in several tumor types but not ovarian cancer (Ayoubi et al., 2017). 

Several of these genes have been observed as being part of larger structural alterations in 

recent TCGA high-grade serous ovarian carcinoma analyses (Cancer Genome Atlas 

Research Network, 2011) but have not been identified as target genes in those cases.

Overall, these analyses greatly simplified the observed amplification events and revealed that 

many focal amplicons would not have been associated with driver genes had they not been 

linked in specific amplicon groups. The observed amplicons were consistent with previously 

detected genes in ovarian cancer, but we also identified genes not previously implicated in 

this disease.

Deletions—We used a combination of stringent analyses of segmented read depth and 

aberrant read pair spacing to identify homozygous and hemizygous deletions. As deletions 

may occur in the germline, we removed deletions that were in or near structural alterations 

observed in the normal controls in order to identify those deletions that were most likely to 

be somatic. These analyses revealed 674 hemizygous+, 41 overlapping hemizygous+, 286 

homozygous, and 263 homozygous+ deletions, where “+” denotes evidence for deletion 

supported by rearranged read pairs in addition to read depth (Figures 3D; Table S1h). 

Deletion breakpoints with rearranged read pairs were more precise (typically within 100 bp), 

while deletions without rearranged read pairs had a resolution of 1–5 kb. We included 

homozygous deletions from segmentation analyses even if these were without rearranged 

read pairs as these could have been missed in read pair analyses due to the limited 

mappability at one or both deletion breakpoints. The median number of homozygous and 

hemizygous deletions per tumor was 10.5 (interquartile range, 8–16) and 11.0 (interquartile 

range, 6–18), respectively. Genes that were recurrently deleted included cell cycle regulators 

CDKN2A (9) and CDKN2B (8), tyrosine kinase receptor ERBB4 (5), neuro- fibromin genes 

NF1 (3) and NF2 (3), transcriptional regulator CDC73 (2), polycomb-group repressor EZH2 
(2), and serine/threonine kinase STK11 (2) (Table S1h), of which CDKN2A, NF1, NF2, and 

STK11 have been previously reported to be altered in high-grade serous ovarian carcinomas 

(Cancer Genome Atlas Research Network, 2011; Huang et al., 2012). Genes that have been 

implicated through somatic deletion in other tumors but that had not been previously 

implicated in ovarian cancer include CDC73, ERBB4, EZH2, MLH1, as well as TGF-beta 

pathway members TGFBR2, SMAD3, and SMAD4, estrogen receptor ESR1, cell cycle 

kinase CDK6, notch receptor NOTCH1, cohesin member STAG2, and epigenetic regulator 

ATRX (Table S1h). In a fashion similar to amplifications, several of these genes have been 

observed as being part of larger structural alterations in recent TCGA high-grade serous 

ovarian carcinoma analyses (Cancer Genome Atlas Research Network, 2011) but have not 

been identified as target genes in those cases or other histologic subtypes. The absence or 

low frequency of such alterations in previous studies may in part reflect the challenges of 

identifying bona fide deletions through existing approaches in primary tumors.

Other recurrent deletions occurred in genes encompassing large genomic regions (>1 Mb) 

that were more likely to be affected by structural alterations, including a member of the low-

density lipoprotein receptor family LRP1B (7), fragile histidine triad involved in purine 
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metabolism FHIT (11), a member of the short-chain dehydrogenases/reductases protein 

family WWOX (15), and the deacetylase MACROD2 (7). FHIT and WWOX occur in fragile 

sites and are often deleted in cancers, and some evidence suggests they encode putative 

tumor suppressors (Ohta et al., 1996; Zochbauer-Muller et al., 2000; Roy et al., 2011; 

Aldazet al., 2014). LRP1B deletion has been associated with chemotherapy resistance in 

high-grade serous ovarian cancers and is a putative tumor suppressor (Cowin et al., 2012). 

Because of their proximity to CDKN2A, the methylthioadenosine phosphorylase MTAP and 

the transcription factor DMRT1 are commonly co-deleted with CDKN2A (Zhang et al., 

1996), and use of compounds exploiting the loss of MTAP has been proposed as a potential 

therapeutic avenue (Marjon et al., 2016) for tumors with CDKN2A deletions.

Rearrangements and Fusions—We next examined structural rearrangements that were 

not associated with segmental copy number changes. We detected 834 inter-chromosomal 

and 2,277 intra-chromosomal rearrangements (Table S1i). The median per sample of inter- 

and intra-chromosomal rearrangements was 16 (interquartile range, 5–31) and 37 

(interquartile range, 17–62), respectively, with many of these rearrangements involving 

inversions (median of 8 and 6, respectively).

Among rearrangements for which the sequence junction was within the intron or exon of a 

gene, we detected 128 in-frame fusions of two genes (Table S1j). Several of these in-frame 

fusions have not been observed in ovarian cancer but have been previously reported in other 

cancers. For example, YAP1-MAML2 has been reported in nasopharyngeal carcinoma and 

salivary cancers (Tonon et al., 2003; Coxon et al., 2005; Valouev et al., 2014), IKZF2-
ERBB4 has been reported in T cell lymphomas (Boddicker et al., 2016), and fusions 

involving CCND1 were identified in a patient with leukemic mantle cell lymphoma 

(Gruszka-Westwood et al., 2002). Our study discovered the YAP1-MAML2 fusion in cell 

line ES-2 after exon 6 of YAP1 and before exon 2 of MAML2, preserving the transactivation 

domain of MAML2 and its likely role in Notch signaling (Figure S6). The predicted amino 

acid sequence of the affected MAML2 gene is the same as reported in nasopharyngeal 

carcinoma and salivary gland cancers (amino acid 172) (Tonon et al., 2003; Coxon et al., 

2005; Valouev etal., 2014).

The IKZF2-ERBB4 fusion we identified in ovarian tumor KK involves the first three exons 

of IKZF2 and exons 2–27 of ERBB4, a member of the epidermal growth factor receptor 

(EGFR) family. This IKZF2-ERBB4 junction is nearly identical to that reported by 

Boddicker et al. (2016) in T cell lymphoma and mucinous lung adenocarcinoma, involving 

the same exons of ERBB4 and leaving the ERBB4 kinase domain intact. Gene expression 

analyses indicated that the ERBB4 transcript, including the fusion transcript, was 

overexpressed (Figure S7A). ERBB4 overexpression has been associated with resistance to 

platinum-based therapy in ovarian serous carcinomas (Saglam et al., 2017), suggesting a 

potentially important role for this translocation event for therapeutic selection. In ovarian 

tumor ES-2, CCND1 was amplified and also participated in a fusion where the promoter of 

SHANK2 was linked to the coding region of CCND1 (Figure S7B). An amplification and 

fusion involving CCND1 has been previously identified in a patient with leukemic mantle 

cell lymphoma (Gruszka-Westwood et al., 2002). Additional gene fusions not previously 

observed in ovarian cancer involved the negative regulator of the RAS pathway NF1, the 
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tumor suppressor regulating mTORC1 signaling TSC2, and the member of the F-box protein 

family FBXW7. The fusion of NF1 (NF1-MYO1D) occurred after the first exon of this gene 

and would be expected to disrupt its function, consistent with its tumor-suppressive role 

Cancer Genome Atlas Research Network (2011). Similarly, the fusion of MLST8-TSC2 
would be expected to result in a TSC2 protein lacking the first 373 aa, disrupting the key 

region of interaction with TSC1 (Guertin and Sabatini, 2005). As detailed below, the fusion 

of full-length FBXW7 to the promoter of FAM160A1 was also likely deleterious due to 

decreased expression under the new promoter (Figure S7C). For each of the nine predicted 

fusions involving at least one gene previously identified in other cancer fusions, we 

independently validated the novel sequence junction using PCR and Sanger sequencing and 

a recently developed droplet digital PCR approach (Cumbo et al., 2018) (Figures S8 and 

S9).

Epigenomic and Expression Analyses

We next examined genome-wide methylation profiles in order to evaluate the role of 

epigenetic alterations in these ovarian cancer cell lines. Analyses of over 850,000 

methylation sites were performed using Infinium MethylationEPIC arrays. Methylation 

levels were evaluated at individual CpG sites within gene promoter regions (1,500 bp 

upstream of the transcription start site) or within individual genes. We compared methylation 

levels in the ovarian cell lines to methylation levels in the normal lymphoblastoid cells, as 

well as to 8 TCGA normal fallopian tissue and 533 TCGA ovarian cancers. Among the 

18,619 CpG probes shared by the Infinium HumanMethylation27 BeadChip array (27,578 

probes) and the MethylationEPIC array, we estimated the proportion of methylated CpG 

sites as the fraction of CpG probes with β > 0.3. Consistent with previous studies (Smiraglia 

et al., 2001; Paz et al., 2003; Varley et al., 2013), we found that the overall proportion of 

methylated CpG sites in the lymphoblastoid (median, 0.35) and ovarian cell lines (median, 

0.41) was higher than the proportion in fallopian tissues (median, 0.30) and ovarian cancers 

(median, 0.29) (Figure 4A). Previous studies have suggested that differences in methylation 

between cell cultures and primary tumors often occur at genes involved in cell cycle 

regulation (Varley etal., 2013), and may also result from contamination of normal cells in the 

primary tissues. To examine methylation profiles of the cell lines at individual CpG sites in 

the broader context of ovarian cancer methylation profiles, we identified 96 genes that were 

differentially methylated between normal fallopian tissue and 100 randomly sampled TCGA 

ovarian tumors (Figure 4B). While we excluded both the lymphoblastoid cell lines and the 

ovarian cancer cell lines from the probe selection procedure, the normal lymphoblastoid cell 

lines were more highly correlated to the normal fallopian tissues while the ovarian cancer 

cell lines were more correlated to the TCGA ovarian cancers. Taken together, these analyses 

indicate that the ovarian cell lines retain epigenetic profiles of genes commonly methylated 

in ovarian cancer and that the methylation of these genes is unlikely to be related to growth 

in culture.

We integrated our genomic and epigenetic analyses with expression data previously obtained 

for these cell lines through the Agilent 44K array (Konecny et al., 2011). We assessed 

whether specific genes affected by deletions or other structural changes in some tumors may 

be silenced through methylation and low expression in others. Among genes that were 
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methylated or deleted, expression analyses revealed lower expression for many of these 

genes. Cell lines RMG-I and IGROV-1 both had hemizygous deletion and loss of expression 

of CDC73. Of the 13 drivers homozygously deleted in at least one tumor, five genes, 

including CDKN2A and ESR1, displayed loss of expression and concomitant promoter 

methylation in additional ovarian cancers (Figures 4C and S10). When promoter methylation 

and underexpression were considered, the fraction of tumors with alterations in CDKN2A 
more than doubled from 23% to 55%, highlighting the multiple mechanisms by which 

CDKN2A function can be compromised. Similarly, MLH1 was mutated in a single case, but 

was mutated and/or underexpressed in an additional seven cancers. For ESR1, the 

inactivating methylation is thought to be associated with age and has been previously 

observed in both ovarian cancers and ovarian cancer cell lines (Imura et al., 2006; Wiley et 

al., 2006). Lower expression also resulted from abnormal fusion of non-adjacent promoters 

to the full coding sequence of target genes. In OVCAR-8, the fusion of the promoter of 

FAM160A1 with the full-length FBXW7 gene resulted in dramatically decreased expression 

of FBXW7 (Figure S7C), consistent with the tumor-suppressive function of this protein and 

inactivating mutations observed in other tumor types (Akhoondi et al., 2007).

We also examined the possibility of increased expression for genes with structural changes. 

We identified 17 genes with focal amplification in one or more cancer cell lines and 

evidence of bimodal expression across the samples analyzed. For these genes, 20 of the 22 

tumors (91%) with focal amplification also had increased expression (Figure S11). Genes 

associated with amplification and fusion had particularly high expression, suggesting that 

the combination of genetic alterations led to increased overall transcription of these genes. 

The amplification of CCND1 and its fusion to SHANK2 in sample ES-2 increased the 

expression of CCND1 relative to other ovarian cell lines without the amplification and 

fusion (Figure S7B). The YAP1-MAML2 fusion, which was also duplicated in the same 

sample, resulted in expression of MAML2 that was higher than 85% of the other ovarian 

cancer cell lines (Figure S6). For driver genes that were amplified, we examined whether 

additional tumors may be identified with increased expression of these genes. We found 

increased expression of CCNE1, ERBB2, KRAS, and AKT2 in eight additional cases 

without genomic alterations in these genes (Figures 5 and S11). These analyses indicate the 

importance of integrated genomic, epigenetic, and expression analyses and have resulted in 

an expansion of the number of tumors with alterations in key driver genes. These 

observations also highlight the functional consequences of genomic and epigenomic 

alterations in human cancer at the RNA level.

Combining sequence and structural variants with methylation and differential gene 

expression, we found that nearly all ovarian cancer subtypes had alterations in cell cycle, 

chromatin remodeling, DNA repair, RAS, Notch, PI3K, or TGFB signaling pathways 

(Figure 5). Alterations in the cell cycle pathway genes, including CDKN2A, were the most 

common with one or more alterations in 60%−70% of the three most represented subtypes 

(serous, adenocarcinoma, and clear cell). Chromatin modifications occur in 5/7 (71%) of the 

clear-cell subtypes but in only 2/21 (11%) of the serous samples. We see evidence of mutual 

exclusivity between CDKN2A, CCNE1, and RB1 within the cell cycle pathway, but not 

mutual exclusivity between cell cycle and KRAS pathways, underscoring that clonal 

selection often involves multiple drivers regulating distinct molecular processes.
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Sensitivity and Resistance to Pathway Inhibitors

To begin to understand the relationship between genomic, epigenetic, and expression 

alterations and response to pathway inhibitors, we developed a screening platform for 

evaluating cellular proliferation in the presence of candidate therapeutic agents. As an 

example of the analyses that can be performed and the genotype-phenotype connections that 

can be obtained, we measured IC20, IC50, and IC80 after 7 days of incubation for three 

inhibitors, GNE-493, BMN673, and MEK162, targeting PI3K, PARP, and MEK proteins, 

respectively (Table S1k). Aggregating the molecular information from multiple platforms to 

the gene level, we limited our analyses to genes that were altered in 3 or more of the 45 cell 

lines. Alterations that tend to be mutually exclusive between cell lines were combined, 

including genes in the PI3K pathway (PIK3CA and PPP2R1A) and the genes in the TGFBR 

pathway (SMAD3 and SMAD4). As tumors with homologous recombination deficiencies 

(HRDs) have been known to be sensitive to PARP inhibitors, we additionally added 

covariates summarizing the extent of genome-wide structural alterations for the PARP 

inhibitor BMN673. A priori, we hypothesized that most alterations would not modulate 

response to the targeted inhibitors. Implementing a Bayesian model averaging approach to 

variable selection as has been previously considered for other biomarkers (Viallefont et al., 

2001; Neto et al., 2014; Meisner et al., 2018), we specified a positive prior probability that 

the coefficient for each gene is exactly zero. Given the genes or combination of genes and 

structural variant summaries, we explored the space of possible single and multi-variate 

models for logIC50 by Markov chain Monte Carlo. Relevant posterior summaries available 

for each inhibitor include the probability that the regression coefficient is non-zero and the 

posterior distribution of the regression coefficients. We used this approach to focus on those 

features that were present in at least half of the models as these had a higher probability of 

being predictive for drug response (Figure 6A).

For PARP inhibition by BMN673, our analyses revealed that the number of genome-wide 

rearrangements and amplification of MYC were important predictors of drug sensitivity 

(Figure 6). Importantly, the two cell lines with inactivating BRCA1/2 mutations, as well as 

the HRD score as defined by Abkevich et al. or Swisher et al. and applied through our 

whole-genome analyses, and PARP1 expression showed a trend toward increased sensitivity 

to PARP inhibition but were not statistically significant (Figure 6). We found that 

amplification of MYC or an increase in the number of genome-wide rearrangements, 

including inversions and intra-chromosomal rearrangements, were significantly associated 

with sensitivity to this therapy, appearing in 94% of the single-variate and multi-variate 

models. We estimated the difference of the mean log IC50 between the group of tumors with 

alterations in these features and the group of tumors without such changes, revealing a 93% 

(90% confidence interval [CI], 99%−64%) and 86% (90% CI, 96%−43%) increased 

sensitivity to PARP inhibition for cell lines with MYC amplification and increased 

rearrangements, respectively (Figure 6). Although other genomic signatures and PARP1 
expression have been suggested as biomarkers for PARP sensitivity (Nik-Zainal et al., 2016), 

MYC amplification and rearrangements have not been previously identified as markers of 

PARP sensitivity in serous and endometrioid ovarian cancers. Taken together, these 

observations suggest that alterations of common drivers along with large-scale structural 

alterations in ovarian cancer may identify tumors with high sensitivity to this therapy.
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For inhibition of the PI3K pathway by GNE-493, mutations of PPP2R1A or PIK3CA 
appeared in more than 75% of the models evaluated. Cancer cell lines with mutations in 

PARP1 or PPP2R1A had a 66% increased sensitivity to GNE-493 (Figure 6). PPP2R1A is a 

subunit of protein phosphatase 2A (PP2A), a known tumor suppressor and regulator of PI3K 

signaling through AKT inhibition (Basu, 2011). Somatic mutations in PIK3CA and PPP2R1 
have been previously reported in ovarian and uterine cancers (Shih et al., 2011; McConechy 

et al., 2011; Jones et al., 2015; Labidi-Galy et al., 2017). Our observations suggest that PI3K 

inhibitors counter the loss of PI3K pathway regulation from inactivating mutations of 

PPP2R1A and activating mutations of PIK3CA.

For the MEK pathway, mutations or deletions in SMAD3 or SMAD4 were predictive of IC50 

levels in response to the inhibitor MEK-162. These were selected in more than 85% of the 

models and resulted in an increased sensitivity of 89% to this therapy. SMAD3 and SMAD4 

form a complex that activates transcription of TGF-beta-regulated genes important in 

cellular growth control (Zhang et al., 2004). Our results are consistent with previous 

observations showing that loss of SMAD4 can lead to activation of Smad-independent 

MEK/ERK pathway signaling and that inhibition of this pathway with MEK inhibitors can 

reverse tumorigenic effects (Ai et al., 2013).

DISCUSSION

These analyses provide the most comprehensive molecular analyses of ovarian cancer cell 

lines to date. Through integration of sequence, copy number, rearrangement, methylation, 

and expression analyses, we were able to detect frequently altered driver genes and 

pathways. These efforts revealed that ovarian cancer cell lines were largely representative of 

primary ovarian cancers and identified a variety of alterations not previously appreciated in 

these tumors.

One of the challenges of genomic analyses of tumor cell lines has been the lack of matched 

normal samples for determination of whether alterations are truly tumor-specific. Through 

the development of Trellis, we were able to identify high-confidence copy number and 

rearrangement alterations in the absence of matched normal DNA. Additionally, the 

grouping of structural changes allowed linking of apparently disparate events that would 

normally have been considered separate copy number alterations. These efforts provide a 

method for detecting somatic structural changes in cancer cell lines and other specimens in 

the absence of a matched normal, without the hundreds to thousands of false-positive 

changes typically detected through other approaches. The method also permits identification 

of likely driver copy number changes by detecting the most connected regions of amplicons 

among the many such passenger alterations typically observed in human cancers. The 

identification of likely somatic structural and sequence alterations in a tumor-only setting is 

conservative. Cancer signature analyses, for example, currently require a matched normal 

sample to comprehensively identify somatic signatures across the genome, and our analyses 

based on a subset of somatic alterations may not reflect overall somatic mutation signatures.

These efforts revealed alterations in ovarian cancer that may provide insights into the 

biology of this disease. The integration of methylation and expression changes together with 
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sequence and structural changes identified a larger fraction of tumors that were altered in 

specific genes and pathways than whole-genome sequencing alone. For example, CDKN2A 
was altered in over half of the serous, clear-cell, and mucinous cancer cell lines analyzed, 

revealing a higher fraction than previously thought to have alterations in this gene. 

Additionally, changes of a variety of genes, including ASXL1, H3F3B, and CDC73, as well 

as fusions of YAP1-MAML2, IKFZ2-ERBB4, and those disrupting FBXW7, NF1, and 

CCND1 were detected in these tumors, providing pathways of dysregulation within ovarian 

cancer.

The integrative molecular analyses of ovarian cancer cell lines provide opportunities for 

characterizing differences in susceptibility to targeted therapies. As an example, ovarian 

tumors with sequence alterations in PIK3CA and PPP2R1A had enhanced sensitivity to the 

GNE-493 inhibitor to achieve the same therapeutic response as tumors without these 

alterations. Mutations in PIK3CA and PPP2R1A are common in ovarian clear-cell cancers, 

suggesting that PI3K inhibitors may be an effective therapeutic strategy for this subtype.

Cancers with HRD are more prone to genomic errors resulting in loss or duplication of 

chromosomal regions and chromosomal instability (Wang et al., 2006). Drugs that inhibit 

PARP1 cause multiple double strand breaks, and in tumors with HRD such DNA damage 

cannot be efficiently repaired, leading to cell death. We found that serous and endometrioid 

tumors with MYC amplification were highly sensitive to PARP inhibitors. PARP inhibitors 

have been previously shown to lead to mitotic catastrophe in neuroblastoma with 

amplification of the related gene MYCN on chromosome 2p (Colicchia et al., 2017), and 

MYC amplification on chromosome 8q has been shown to suppress BIN1, thereby 

increasing the activity of PARP1 (Pyndiah et al., 2011). Additionally, MYCN amplified 

neuroblastoma cell lines were more sensitive to the PARP inhibitor BYK204165 compared 

to cell lines without such alterations (Hallett et al., 2016). In our study, MYC was the central 

driver in multiple ovarian cancers cell lines with highly linked amplicon groups (Table S1g; 

Figures S3, S4, and S5), suggesting that this gene plays a major role in a subset of ovarian 

cancers that may now be targeted therapeutically. Interestingly, we found that genome-wide 

rearrangements were a more useful biomarker of sensitivity to this therapy compared to the 

commonly used HRD scores (Abkevich et al., 2012; Frey and Pothuri, 2017; Swisher et al., 

2017), perhaps because these latter measurements only identify a subset of patients that 

respond to PARP inhibitors, especially as shown in clinical trials that enriched for tumors 

with previous sensitivity to DNA-damaging agents (Mirza et al., 2016; Coleman et al., 

2017). Although there is a correlation between the HRD score and the number of inversions 

and intra-chromosomal rearrangements (Spearman correlation coefficient = 0.5), the 

genome-wide rearrangements we identified may provide a more informative signature of the 

underlying recombination deficiency in these tumors and together with MYC amplification 

offer potentially improved opportunities for identifying responsive patients.

Although our analyses provide a comprehensive integration of molecular alterations for 

ovarian cancer, certain types of changes have not been evaluated. In the future, proteomic, 

metabolomic, and carbohydrate changes can be added to the compendium of genomic, 

epigenomic, and transcriptomic information for these cell lines. Additionally, further efforts 

will be needed to demonstrate that these observations can be translated broadly to ovarian 
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cancer patients. Nevertheless, these data provide a foundation for using ovarian cell line 

models in screening novel therapeutic strategies. Evaluation of additional compounds using 

these well-characterized tumor cell lines will provide rational translational opportunities for 

development of new therapies in ovarian cancer.

EXPERIMENTAL PROCEDURES

Cell Lines and Growth Analyses

Cell lines were obtained from multiple sources (Table S1a) (Selby et al., 1980; Motoyama, 

1981; Bast et al., 1981; Eva et al., 1982; Simon et al., 1983; Hamilton et al., 1983, 1984; 

Wilson, 1984; Uehara et al., 1984; Buick et al., 1985; Kidera et al., 1985; Bénard et al., 

1985; Fogh, 1986; Yoshiya, 1986; Langdon et al., 1988; Nozawa et al., 1988; Hills et al., 

1989; Lau et al., 1989; Sakayori et al., 1990; Schilder et al., 1990; Berchuck et al., 1992; van 

den Berg-Bakker et al., 1993; Hattori et al., 1994; Gorai et al., 1995; Wilson et al., 1996; 

Yanagi-bashi et al., 1997; Conover et al., 1998; Lounis et al., 1998; Emoto et al., 1999; 

Yamada et al., 1999; Provencher et al., 2000; Steinmeyer et al., 2003; Barretina et al., 2012). 

All samples were obtained under Institutional Review Board-approved protocols with 

informed consent for research use or were publicly available. Cells were plated into 24-well 

tissue culture plates at a density of 2×105 to 5×105 cells per well and grown in cell line-

specific medium without or with increasing concentrations of their respective drugs (ranging 

between 0.001 and 10 μm/L).

Cells were counted on day 7 using an automated cell viability assay (Vi-CELL XR Cell 

Viability Analyzer; Beckman Coulter, Fullerton, CA), a video imaging system that uses an 

automated trypan blue exclusion protocol. Both adherent and floating viable cells were 

counted for treatment and control wells. Growth inhibition (GI) was calculated as a 

percentage of untreated controls. The log of the fractional GI was then plotted against the 

log of the drug concentration and the IC50 values were interpolated from the resulting linear 

regression curve fit (CalcuSyn; Biosoft, Ferguson, MO). Experiments were performed thrice 

in duplicate for each cell line.

STR Analyses

Genomic DNA from all cell lines was PCR amplified using a Geneprint 10 System 

(Promega, Madison, WI) that contains eight STR loci plus Amelogenin, a gender-

determining marker. The PCR amplification was carried out in a GeneAmp PCR System 

9700 following the manufacturer’s protocol. The PCR products were electrophoresed on a 

ABI Prism 3730xl Genetic Analyzer using Internal Lane Standard 600 (Promega) for sizing. 

Data were analyzed using GeneMapper v. 4.0 software (Applied Biosystems, Foster City, 

CA). We compared our STR profiles (Johns Hopkins University [JHU]) for these cell lines 

to external STR profiles, including Korch et al. (2012), COSMIC (v83; https://

cancer.sanger.ac.uk/cosmic), the RIKEN BioResource Center (https://www.jove.com/

institutions/AS-asia/JP-japan/20278-riken-bioresource-center), or Yu et al. 2015 (Table S1b). 

The average percent similarity between JHU STRs and external STRs was 98%. An external 

STR was not available for five cell lines.

Papp et al. Page 14

Cell Rep. Author manuscript; available in PMC 2019 April 24.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://cancer.sanger.ac.uk/cosmic
https://cancer.sanger.ac.uk/cosmic
https://www.jove.com/institutions/AS-asia/JP-japan/20278-riken-bioresource-center
https://www.jove.com/institutions/AS-asia/JP-japan/20278-riken-bioresource-center


Whole-Genome Next-Generation Sequencing

DNA was extracted from cell lines using a QIAamp DNA Blood Mini QIAcube Kit 

(QIAGEN, Valencia, CA). In brief, the samples were incubated in proteinase K for 16 hr 

before DNA extraction. DNA purification was performed using the QIAamp DNA Blood 

Mini QIAcube kit following the manufacturer’s instructions (QIAGEN, Valencia, CA). 

Genomic DNA from tumor samples were used for Illumina TruSeq library construction 

(Illumina, San Diego, CA) according to the manufacturer’s instructions. Paired-end 

sequencing resulting in 100 bases from each end of the fragments was performed using 

Illumina HiSeq2000 instrumentation.

PCR and Sanger Sequencing

PCR and Sanger sequencing confirmed the presence of fusion candidates generated by 

Trellis. Primers were designed 200 bp on either side of the junction (Table S1m). 

Primerswere purchased from IDT (Coralville, IA) and purified by desalting. Primers and 

probes were resuspended to 100 μΜ in IDTE (10 mM Tris, pH 8.0; 0.1 mM EDTA) buffer 

and stored at − 20° C. Using the primers specific for each fusion, PCR amplification was 

performed in a 50-μL reaction volume in quadruplicate, consisting of 10 μL of 5X Phusion 

buffer, 1 μL of 10 mM dNTP, 2.5 mL of each primer at 10 mM, 0.5 μL of HotStart Phusion, 

and 10 ng of cell line DNA. PCR was performed using a Bio-Rad S1000 Thermal Cycler. 

The thermal cycle was programmed for 30 s at 98° C for initial denaturation, followed by 34 

cycles of 10 s at 98°C for denaturation, 30 s at 59°C for annealing, 30 s at 72°C for 

extension, and 5 min at 72°C for final extension. Human mixed genomic DNA (Promega, 

Madison, WI) and no template were used as negative controls. PCR products were purified 

using Nucleospin Gel and PCR cleanup as per the manufacturer’s instructions (Macherey-

Nagel, Duren, Germany). PCR products were then subjected to Sanger sequencing using the 

Applied Biosystems 3730xl DNA Analyzer as per manufacturer’s instructions (Thermo 

Fisher, Waltham, MA). Output was compared to original candidate fusion sequence and 

confirmed.

Droplet Digital PCR

The translocation primers were designed on both sides of the translocation. One of these 

primers was used as a common primer for both the translocation and the control. A third 

primer was designed to be used in combination with the common primer to amplify the 

wild-type sequence of one of the two translocation partners. The hydrolysis probes labeled 

with the FAM-fluorochrome at the 5′ end were designed to bind specifically to the 

translocation PCR product, while the probes labeled with the HEX-fluorochrome were 

designed to bind specifically to the control PCR product. As quenchers, a ZEN quencher 

was used as an internal quencher, while the Iowa Black FQ-quencher was added to the 3′ 
end of the probes. Probes were designed to have a higher melting temperature than the 

primers. The primers and hydrolysis probes were purchased from IDT (Coralville, IA). The 

primers were purified by desalting, while the hydrolysis probes were purified using high-

performance liquid chromatography. Upon arrival, primers and probes were resuspended to 

100 μM in IDTE (10 mM Tris, pH 8.0; 0.1 mM EDTA) buffer and stored at − 20° C. 20-μL 

droplet digital PCR (ddPCR) reactions were prepared, using 10 mL of 2× ddPCR SuperMix 
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for Probes (No dUTP) (Bio-Rad, Hercules, CA), 5–30 ng of gDNA, as quantified by the 

Qubit dsDNA high-sensitivity assay kit (Thermo Fisher Scientific, Waltham, MA), primers 

(each at a final concentration of 900 nM), probes (each at a final concentration of 250 nM), 

and nuclease-free water. Human mixed genomic DNA (Promega) was used as negative 

control. Droplets were generated using the QX200 droplet generator (Bio-Rad) by loading 

the DG8 cartridge (Bio-Rad)with 20 mL of the reaction mixture and 70 μL of droplet 

generation oil for probes (Bio-Rad). 40 mLof droplet/oil mixture was transferred to a ddPCR 

96-well plate (Bio-Rad). The plate was heat-sealed with a pierceable foil heat seal (Bio-

Rad). A S1000 Thermal Cycler (Bio-Rad) was used with the following amplification 

protocol: enzyme activation at 95°C for 10 min, followed by six cycles: denaturation at 54°C 

for 30 s; annealing/extension at 60°C for 1 min, followed by 34 cycles: denaturation at 58°C 

for 30 s; and annealing/extension at 60°C for 1 min. Following cycling, the samples were 

held at 98°C for 10 min. Upon completion of the PCR protocol, the plate was read using 

theQX200 droplet reader(Bio-Rad). Droplet counts and amplitudes were analyzed with 

QuantaSoft software (v1.7) (Bio-Rad).

Alignment and Identification of Sequence Alterations

Priorto mutation calling, primary processing of sequence data for samples was performed 

using Illumina CASAVA software (v1.8.2), including masking of adaptor sequences. 

Sequence reads were aligned against the hg19 human reference genome using ELAND. 

Candidate somatic mutations in the exome, consisting of point mutations, insertions, and 

deletions were identified using VariantDx (Jones et al., 2015). To detect mutations that were 

more likely to be somatic, we excluded mutations that appeared in >10% of the distinct 

reads and mutations tagged as COMMON or MULT in dbSNP VCF files. Additionally, we 

excluded mutations without a record in COSMIC as well as in-frame deletions (COSMIC 

v72). Exceptions to the COSMIC requirement were mutations that predicted truncations in 

relevant pathways or tumor suppressor genes (Table S1e). SNPs flagged as clinically 

associated or reported in COSMIC were not excluded regardless of heterozygosity or 

percentage of distinct reads. All candidate somatic mutations were confirmed by visual 

inspection. Samples with more than 2,000 alterations after dbSNP filtering were considered 

hypermutators. Mutational signatures were based on the fraction of mutations in each of the 

96 trinucleotide contexts (Alexandrov et al., 2013). The contribution ofeach signature to 

each tumorsample was estimated using the deconstructSigs R package (Table S1n for R 

package versions).

Implementation of DELLY and LUMPY

Identifying probable somatic structural variants in tumor-only experimental designs is a 

major challenge. False positives arise from germline variants incorrectly reported as somatic 

and spurious alignments misinterpreted as biological variation. We considered two 

established tools, DELLY and LUMPY, for detection of structural variants (Rausch et al., 

2012; Layer et al., 2014). Reads were aligned to the hg19 reference genome using BWA-

MEM (version 0.7.10) (Li and Durbin, 2009) as recommended by these methods. DELLY 

(version 0.7.7) and LUMPY (version 0.2.13) were implemented using default parameters.
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A simple leave-one-outcross-validation experiment was implemented using 10 

lymphoblastoid controls to evaluate the specificity of these methods for identifying somatic 

structural variants in a tumor-only experimental design. Specifically, we treated the held out 

sample as a tumor and identified germline structural alterations in the training set. Excluding 

structural variants identified in the training set, we considered any alteration identified in the 

held-out sample as a false positive.

Implementation of Trellis

Germline Filters—Using 10 lymphoblastoid cell lines and 8 normal ovarian samples, we 

developed sequence and germline filters for the hg19 reference genome to flag regions prone 

to alignment artifacts and/or germline structural variation. Sequence filters for the hg19 

reference genome that were masked prior to copy number analyses comprised 326.4 Mb of 

the genome and included non-overlapping 1-kb genomic intervals (bins) with average 

mappability less than 0.75 or GC percentage less than 10%, as well as the gaps track from 

the University of California, Santa Cruz (UCSC) genome browser that includes 

heterochromatin, centromeric, and subtelomeric regions (Fujita et al., 2011). After removing 

these sequence filters as well as chrY (all cell lines were derived from women), we 

normalized the read depth for the remaining 2,680,222 bins. For each bin, we computed the 

GC-adjusted, log2-transformed count of aligned reads. GC normalization was implemented 

using a loess smoother with span 1/3 fitted to a scatterplot of the bin-level GC and log2 

count. We denote the GC-adjusted log2 ratios (the residuals from the loess correction) by R, 

the mean R for a genomic region by R, and the median absolute deviation of the autosomal 

Rs by S. Because some bins had an unusually high or low number of aligned reads in 

multiple controls, we defined bin i in normal control j as an outlier if ǀ Ri ǀ > (3 × Sj). Bins 

identified as an outlier in two or more normal controls were flagged. These analyses flagged 

55,764 genomic regions totaling 75.9 Mb of sequence. To identify somatic copy number 

alterations, we segmented the Rs using circular binary segmentation implemented in the R 

package DNAcopy with settings alpha = 0.001, undo.splits = ‘sdundo’, and undo.SD = 2 

(Olshen et al., 2004; Venkatraman and Olshen, 2007). To exclude regions that were either 

copy number altered in the lympho-blastoid cell lines as well as segments that span difficult 

regions to genotype, we flagged segments having |R | > 1. We flagged a total of 919 

segments (46.8 Mb) across the 18 normal controls.

To characterize copy neutral rearrangements including inversions and translocations in the 

normal controls, we extracted all read pairs from the BAM file that were improperly paired 

and for which the intra-mate distance between paired reads was at least 10 kb. We defined a 

cluster of improper read pairs as a genomic region where at least one base is spanned by five 

or more improper reads and for which the union of the aligned regions is at least 115 bp. 

Next, we linked these clusters by the mates of the constituent reads. Clusters that could not 

be linked byat least five read pairs were excluded from further analysis. For all linked 

clusters, we required at least 90% of the linking read pairs to support the same structural 

variant group (Table S11). Linked clusters for which the type of rearrangement was not 

consistent among the linking read pairs were excluded from further analysis. For the 

remaining linked clusters, we realigned all the reads supporting the link using the local 

aligner BLAT (Kent, 2002). A command-line version of BLAT was utilized for this step 
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(Standalone BLAT v. 35). Confirmation by BLAT required that the reads only align to one 

location with a BLAT score R 90% in the hg19 reference genome. These germline 

rearrangements were used to screen candidate somatic rearrangements as described in 

greater detail below.

Somatic Deletions—Putative focal homozygous and hemizygous deletions greater than 2 

kb and less than 3 Mb in the ovarian cell lines were identified by R < − 3 and R ∈ (− 3, 

− 0.75], respectively. We excluded focal deletions in tumor samples if ≥ 75% of the region 

was identified as a deletion in a control sample. For each deletion, we investigated whether 

any improperly paired reads were aligned within 5 kb of the segmentation boundaries. When 

five or more rearranged read pairs were aligned near the segmentation boundaries, the 

distribution of the improper read pair alignments was used to further resolve the genomic 

coordinates ofthe deletion boundaries. Resolution ofthe deletion breakpoints using this 

approach depends on the intra-mate distance of the improperly paired reads. On average, the 

intra-mate distance in the ovarian tumors was 262 bp (5th and 95th percentiles, 183 and 

353). With multiple rearranged read pairs, we expect that the resolution of the deletion 

breakpoints was generally less than 100 bp. As previously described, realignment by BLAT 

was used to confirm that the rearranged read pairs supporting the deletion mapped uniquely 

and with high fidelity to this region of the genome. Hemizygous and homozygous deletions 

supported by rearranged read pairs were indicated by hemizygous + or homozygous +, 

respectively. Any deletion for which the outlier bins or germline CNVs occupied 75% or 

more of the width were excluded. Hemizygous deletions not supported by rearranged read 

pairs were also excluded. All deletions were confirmed by visual inspection.

Somatic Amplifications—To identify focal amplicons and establish how these amplicons 

were linked in the tumor genome, we seeded a graph with high-copy focal amplicons. 

Specifically, putative amplifications were identified as segments with R > 1.46, or a 2.75-

fold increase from the mean ploidy of the cell line, and between 2 kb and 3 Mb in length. 

Properly paired reads were used to link seed amplicons to adjacent low-copy duplications 

(segments with R > 0.81 or fold change of 1.75). When five or more links were established, 

the low-copy segments were added as nodes to the graph with an edge indicating the 

connection between the high- and low-copy amplicons. Similarly, we established links 

between the low- and high-copy amplicons that were non-adjacent with respect to the 

reference genome by analysis of improperly paired reads as previously described.

Somatic Copy-Neutral Intra- and Inter-chromosomal Translocations and 
Inversions—Candidate somatic copy-neutral rearrangements were identified as previously 

described in the control samples. However, rearrangements in the ovarian tumor cell lines 

that overlapped any rearrangement identified in the controls samples were excluded. In 

addition to improperly paired reads, we required at least one split read supporting the 

rearrangement. To identify split read alignments, we extracted all read pairs for which only 

one read in the pair was aligned within 5 kb of the candidate rearrangement. For all such 

read pairs, we re-aligned the unmapped mate using BLAT (Kent, 2002). A read aligned by 

BLAT to both ends of the candidate sequence junction with a combined score ≥90% 

constituted a split read (e.g., Figure S6).
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In-Frame Gene Fusions—To report candidate gene fusions, we identified all candidate 

somatic rearrangements for which both ends of the novel adjacency in the tumor genome 

was in a coding region of the genome or a promoter of a gene defined as within 5 kb of the 

transcription start site. Rearrangements in which both ends resided in the same gene were 

excluded as these may represent alternative isoforms. For each candidate fusion, we 

evaluated two possible orientations of the regions joined in the tumor genome, and for each 

orientation we extracted the full amino acid sequence of both the 5′ and 3′ transcripts as 

well as the candidate amino acid sequence that would be created by the fusion. We 

considered the fusion to be in-frame if the amino acid sequence of the 3′ partner was a 

subsequence of the reference amino acid sequence.

Genome-wide Methylation Analyses

We pre-processed and normalized raw IDAT files from the Infinimum Methyl-ationEPIC 

array using the preprocess Funnorm function in the R package minfi Aryee et al. (2014). 

Probes on chromosomes X or Y, probes with detection p value greater than 0.5, or probes 

overlapping a SNP with dbSNP minor allele frequency greater than 10% were excluded. In 

order to understand the similarity of ovarian cells lines with human ovarian cancer, we 

compared the ovarian cells lines with human ovarian cancer samples available from 

Genomic Data Commons (https://gdc.cancer.gov/). The Genomic Data Commons contained 

533 human methylation profiles of ovarian cancer and eight normal fallopian tissue samples. 

Methylation ofTCGA ovarian cancers was assessed using In-finium HumanMethylation27 

BeadChip array (27,578 probes). The number of probes in common between the 

HumanMethylation27 platforms and the Meth-ylationEPIC platform was 18,016. On the 

common set of 18,016 probes, we quantified overall methylation in the TCGA samples and 

the ovarian cell lines as the fraction of CpG sites with β > 0.3. To identify differentially 

methylated CpG sites comparing normal fallopian tissue to TCGA ovarian cancers, we 

selected probes from the common set of 18,016 that were hyper-methylated in TCGA 

ovarian cancer (average β > 0.4) and unmethylated in normal fallopian tissue (average β < 

0.2). In addition, we also selected probes that were hypo- methylated in TCGA ovarian 

cancer (average β<0.1) and hyper-methylated in normal fallopian (average β>0.3).

Gene Expression Analyses

Pre-processing and normalization of the 44k Agilent microarray for the ovarian cell lines has 

been previously described, and normalized expression data were available for 44 of the 45 

tumors (Konecny et al., 2011). For copy number altered genes with known clinical relevance 

to cancer, we assessed whether amplified genes were overexpressed and whether deleted 

genes were under-expressed. The probability that a gene was overexpressed or 

underexpressed was estimated by a two-component pooled variance mixture model 

implemented in the R package CNPBayes (https://bioconductor.org/packages/release/bioc/

html/CNPBayes.html). The location of the non-differentially expressed mixture component 

was fixed at the median log2 expression of unmethylated cell lines without copy number 

alterations. A gene was considered differentially expressed if the posterior probability of 

membership in the overexpressed or underexpressed mixture component exceeded 0.5.
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Dose Response Models

Bayesian Model Averaging—We considered models of the form

log Ci = γ1xi, 1 + … + γpxi, p, + εi, where

Ci denotes the logIC50 and xi,j is an indicator for the alteration status (0, not altered; 

1,altered) of feature j in cell line i. The regression coefficient for feature j is the product of 

abinary indicator zj and a real number hj. We used a modified g-prior for γ such that γj was 

zero whenever zj was zero (Hoff, 2009). For the vector of γ’s with non-zero z’s, we used a 

multivariate normal prior. We explored the space of the possible 2p models using a Gibbs 

sampler. The binary features comprising the x’s included somatic mutations, somatic 

structural variants (deletions, amplifications, in-frame fusions), methylation, and 

underexpression or overexpression. For the PARP inhibitor, we additionally considered the 

number of intra-chromosomal rearrangements and the HRD score as potential markers for 

HRD. For rearrangements, we computed the mean of the square-root-transformed frequency 

across all cell lines and defined a binary covariate for whether the square-root-transformed 

statistic was greater than the mean. We used the HRD score without transformation for 

Bayesian model averaging. For the univariate analyses described in the next section, we 

defined a binary covariate for HRD according to whether the score was larger than the mean. 

We obtained qualitatively similar inferences using the continuous HRD score (data not 

shown). For the inhibitor of the MEK pathway, one of the logIC50 concentrations was 

missing. For this cell line, we used the posterior mean from the imputation described in 

greater detail below.

Univariate Analysis of Selected Features—For a given feature, our sampling model 

for the length-3 vector of inhibitor concentrations inducing 20%, 50%, and 80% cell death is

logCi, altered = μ + δ + ϵi, altered

for a cell line with an alteration in this feature and

logCi, WT = μ − δ + ϵi, WT

for a cell line without an alteration. With inhibitor concentrations on the log scale, the 

residuals are approximately multivariate-normal:

ϵi, j ∼ i.i.d. MVN(0, Σ) .

Computationally convenient conjugate priors for the unknown parameters in this model are

p(μ, δ, Σ) = p(μ)p(δ)p(Σ),
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μ ∼ MVN(μ0, Σ0),

δ ∼ MVN(δ0, Ψ0), and

Σ−1 ∼ W ν0, S0
−1 .

For some cell lines, inhibitor concentrations were incomplete. As the logC were highly 

correlated across cell lines, we imputed missing observations from the observed data using a 

Gibbs sampler. Inference regarding differences in mean logC, given by the posterior 

distribution of 2S, was based on the marginal probability of the observed data integrating 

over the missing data. We reported 90% highest posterior density (HPD) intervals for the 

difference in the mean logIC50.

DATA AND SOFTWARE AVAILABILITY

The accession number for the sequencing data reported in this paper is European Genome-

Phenome Archive at ENSEMBL-EBI: EGAS00001002998. The R package Trellis for 

identifying somatic structural variants in tumor-only analyses are available from github 

(https://github.com/cancer-genomics/trellis).Code and data for reproducing figures and 

tables are available from Google Drive (http://bit.ly/cell_reports).
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Highlights

• Compendium of somatic sequence and structural variants in ovarian cancer 

cell lines

• Development of Trellis algorithm for tumor-only structural variant detection

• Integration of DNA, mRNA, and methylation alterations to predict drug 

sensitivity
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Figure 1. Overview of Genomic, Epigenomic, Expression, and Therapeutic Analyses of Ovarian 
Cancer Cell Lines
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Figure 2. Number of False-Positive Somatic Structural Variant Identifications in Lympho- 
blastoid Cell Lines
(A and B) Estimated number of false-positive somatic deletions and duplications (A) and 

somatic intrachromosomal and inter-chromosomal rearrangements (B).
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Figure 3. Trellis Approach for Characterization of Genomic Structural Alterations
(A) Circos plot displaying focal deletions (green), amplifications (orange), and intra- and 

inter-chromosomal rearrangements (blue) for cell line FU-OV-1.

(B) Improperly paired reads established connections (edges) between distant amplicons 

(nodes) visualized as a graph. The size of the plotting symbols is proportional to the number 

of sites in which the amplicon was inserted, and the triangle shape indicates an amplicon 

involving a known driver.

(C) The average maximum copy number (top) and mean number of amplicon links (bottom) 

for amplicon groups with and without drivers.

(D) Top: Segmented normalized coverage identified a homozygous deletion (shaded). 

Bottom: Rearranged read pairs improved the precision of the deletion breakpoints. Lines 

connecting the read pairs indicate whether the positive or negative strand was sequenced 

(blue, positive; green, negative).
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Figure 4. Methylation of CpG Sites in Ovarian Cancers and Normal Fallopian Tissue
(A) The proportion of methylated CpG sites (mean β > 0.3) in the lymphoblastoid cell lines, 

ovarian cell lines, TCGA ovarian cancers, and TCGA normal fallopian tissues.

(B) Plotted are 96 probes that were differentially methylated between normal TCGA 

fallopian tissue and 100 randomly selected TCGA ovarian tumors (blue points, A).Among 

these probes, the lymphoblastoid cell lines were most correlated with normal fallopian tissue 

and the ovarian cell lines were most correlated with TCGA ovarian tumors, suggesting that 

the cell line effect does not dominate among probes that were differentially methylated in 

these tissues. Among probes that were methylated in TCGA ovarian and unmethylated in 

TCGA fallopian, the ovarian cell lines were predominantly methylated and have 

quantitatively higher β values. While copy number analyses suggested that the purity in the 

ovarian cell lines was ≈00%, the median tumor purity of TCGA ovarian tumors was 85% 

(interquartile range, 78%−88%).
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(C) Genes CDKN2A and ESR1 exhibit bimodal gene expression explained by homozygous 

copy number deletions (blue points in x-axis margin) or methylation levels above 0.2.
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Figure 5. Sequence, Structural, Epigenomic, and Expression Alterations in Ovarian Cancer Cell 
Lines
Cell lines were grouped by tumor subtype (E, endometrioid; Und, undifferentiated; M, 

mixed). For many of the pathways, mutual exclusivity of genomic alterations within the 

pathway is evident (e.g., cell cycle, TK receptors, TGFBR, BRCA, and WNT). The group 

indicated as Other contains genes that are clinically relevant for ovarian cancer but cannot be 

easily categorized by a single molecular process. Methylation and expression were not 

evaluated for the Large Gene group.
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Figure 6. Sensitivity and Resistance to Pathway Inhibitors
(A) Bayesian model averaging was used to identify features associated with response to 

drug. Features selected in fewer than half of the multi-variate models have a posterior 

probability of being non-zero ≤ 0.5 (vertical dashed line, left) and a posterior median of zero 

(right).

(B) Boxplots of inhibitor concentrations for features selected by this approach, as well as 

HRD, PARP1, and BRCA1/2 (left). The two cell lines with BRCA1/2 mutations are 

indicated by triangles inthe PARP pathway. Right: The difference in mean logIC50 

concentrations by alteration status and the90% highest posterior density (HPD) interval for 

the difference.
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