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 15	

Abstract 16	

Background: Breast cancer cell lines (BCCLs) and patient-derived xenografts (PDX) 17	

are the most frequently used models in breast cancer research. Despite their 18	

widespread usage, genome sequencing of these models is incomplete, with previous 19	

studies only focusing on targeted gene panels, whole exome or shallow whole genome 20	

sequencing. Deep whole genome sequencing is the most sensitive and accurate 21	

method to detect single nucleotide variants and indels, gene copy number and 22	

structural events such as gene fusions. 23	

Results: Here we describe deep whole genome sequencing (WGS) of commonly used 24	

BCCL and PDX models using the Illumina X10 platform with an average ~ 60x 25	
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coverage. We identify novel genomic alterations, including point mutations and 26	

genomic rearrangements at base-pair resolution, compared to previously available 27	

sequencing data. Through integrative analysis with publicly available functional 28	

screening data, we annotate new genomic features likely to be of biological 29	

significance. CSMD1, previously identified as a tumor suppressor gene in various 30	

cancer types, including head and neck, lung and breast cancers, has been identified 31	

with deletion in 50% of our PDX models, suggesting an important role in aggressive 32	

breast cancers. 33	

Conclusions: Our WGS data provides a comprehensive genome sequencing resource 34	

of these models. 35	

 36	

- 194 words 37	

Keywords 38	

Breast Cancer Cell Lines, Patient Derived Xenografts, Whole Genome Sequencing, 39	

Structural Variants, Non-coding Mutations 40	

 41	

Background 42	

Breast cancer cell line (BCCL) models are indispensable tools to study breast cancer 43	

biology and heterogeneity. Molecular profiling of BCCLs has generated useful 44	

insights into breast cancer subtypes and provides a resources for cancer gene 45	

discovery (Kao et al., 2009; Neve et al., 2006). A number of large-scale cancer cell 46	

line projects have characterised hundreds of cell lines with whole transcriptome 47	

profiling (Klijn et al., 2015), DNA microarray and targeted sequencing (Barretina et 48	

al., 2012). These studies provide great resources for cancer cell line studies, however, 49	

none of them have performed deep whole genome-wide sequencing analysis of 50	
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genetic changes, including mutations and structural variations, on these critical breast 51	

cancer models.  52	

Patient derived xenograft (PDX) models, which closely resemble the heterogeneity of 53	

clinical BC, are established as important preclinical models (Bruna et al., 2016; 54	

DeRose et al., 2011). These breast cancer PDX models have been only characterised 55	

by shallow (<1X coverage) whole genome sequencing (WGS) or exome sequencing 56	

(Bruna et al., 2016).  57	

WGS is the most sensitive method for detecting structural variants (SVs) and copy 58	

number variants (CNVs) and the only method to survey non-coding mutations. WGS 59	

is also a more powerful tool compared to exome-seq in detecting exome variants 60	

(Belkadi et al., 2015). To fully understand the genomic features of these models, it is 61	

important to conduct deep WGS analysis of these models to exhaustively identify 62	

complex genomic features of PDX models. In this study, we performed deep WGS to 63	

provide a comprehensive resource of genomic events of these important BCCLs and 64	

PDX models. 65	

 66	

Results 67	

Whole genome sequencing of breast cancer cell line models 68	

According to a PubMed search, the top six studied BCCLs are MCF7, MDAMB231, 69	

T47D, SKBR3, MCF10A and MDAMB468, which cover more than 90% of all BCCL 70	

associated studies across more than 70,000 publications (Figure S1). Previous studies 71	

on these cell lines are restricted to whole-exome or low-pass whole genome 72	

sequencing at 0.2X coverage (Ben-David et al., 2018). Here we describe whole 73	

genome sequencing (WGS) of these models on the Illumina X10 platform with an 74	

average ~ 60x coverage, including two replicates of the most-commonly used MCF7 75	



	 4	

cell line (~53x and ~78x). Raw reads were mapped to human genome GRCh37 and 76	

single nucleotide variants were called using the Issac pipeline (Raczy et al., 2013). 77	

WGS is the most accurate way to assess cell line identity (Yu et al., 2015). We have 78	

compared the genotyping calls from our WGS data with SNP array from two 79	

independent studies previously published (Barretina et al., 2012; Heiser et al., 2012). 80	

Correlation analysis of the genotyping calls at the same genomic loci show high 81	

concordance between ours and the published data (R>0.9) (Figure S2), confirming the 82	

identity of all cell lines used in this study. In total, we have identified 3,540,312 to 83	

4,108,844 variants per sample from the WGS data, including SNVs and small indels 84	

(Table S1). The majority of variants are present in the dbSNP database (Sherry et al., 85	

2001) (94.0% ~ 96.2%) (Table S1). About 90% of these dbSNP variants have also 86	

been reported in the 1000 genome projects (Genomes Project et al., 2012), suggesting 87	

most variants in these cell lines models represents common variants in the human 88	

population, similar to the previous finding of WGS of the Hela cell line (Landry et al., 89	

2013). However, each of the cell lines has about 5% of total variants that are cell line 90	

specific variants (Figure 1A).  91	

In MCF7, for example, more than half of the cell line specific variants are located in 92	

inter-genic regions and ~ 1/3 are found in introns (Figure 1B). We compared the list 93	

of missense mutation in MCF7 to a recent study of multiple strains of MCF7s (Ben-94	

David et al., 2018) (Figure 1C).  Most of the missense mutations in (Ben-David et al., 95	

2018) shared between MCF7 strains, therefore likely to come from the founder tumor,  96	

were have been identified in this study (20/23), and the concordance with our data 97	

increases as the number of mutant MCF7 strains increases (Figure 1D.& 1E). This 98	

suggests that the large majority of variants we have identified are real. In addition to 99	

the mutations reported in Ben-David et al, our WGS data identified 9,555 additional 100	
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missense mutations, 635 of which are not reported in 1000 genome or dbSNP 101	

database (Table S2). Sequencing of large cohorts of breast cancer tissue has revealed 102	

recurrent mutations in long non-coding genes including MALAT1 and NEAT1(Nik-103	

Zainal et al., 2016). Among all the cancer associated long non-coding genes reported 104	

(Quek et al., 2015) ((Gao et al., 2021), Lnc2Cancer v3.0), we identified mutations of 105	

MALAT1, HOTAIR and ZFAS1 in these cell line models. For example, Malat1 showed 106	

a heterozygous mutation (chr11:65271832 T>C) in MCF7, but not in MDA-MB-231 107	

(Figure S3). The complete list of variants in the non-coding regions in these cell lines 108	

models (Table S3) could serve as a useful database for selection of models in non-109	

coding RNA studies.  110	

 111	

In addition to the SNVs, we also called SVs and CNVs from the WGS data using 112	

different methods, including Breakdancer (Chen et al., 2009) and Delly (Chen et al., 113	

2009) for structural variants; CNVnator (Abyzov, Urban, Snyder, & Gerstein, 2011) 114	

and Lumpy (Abyzov et al., 2011)	for copy number (see Methods). A summary of SVs 115	

and CNVs identified in MCF7 and the other four cell lines is shown in Figure 2A and 116	

Figure S4 respectively. In total, we have identified 321 inter-chromosomal SVs, with 117	

38 ~ 108 SVs per cell line (Table S4). We use the GREAT program (McLean et al., 118	

2010) to perform pathway analysis of the SVs events from individual cell lines. As 119	

expected, the top enriched pathways are genes in amplified regions previously 120	

identified from breast cancer, such as genes like ZNF217 and BCAS3 in MCF7 121	

(Hampton et al., 2009); a selected list of luminal genes have also been enriched in the 122	

luminal cell lines MCF7 and T47D (Figure S5).  123	

In addition to SVs, we also identified copy number alterations in these cell line 124	

models (Table S5). WGS has improved accuracy in detecting CNVs compared to 125	
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exome-seq due to its uniform coverage (Belkadi et al., 2015). We compared the 126	

CNVs identified from MCF7 with existing data from array-based COSMIC and 127	

shallow WGS from Ben-David et al (Figure 2B, Table S6). There is a poor overlap 128	

between this study and COSMIC, however, a substantial proportion (138/478) of the 129	

CNVs discordant between this study and COSMIC are reported in Ben-David et al 130	

using shallow WGS, suggesting the array-based method missed a lot of CNVs due to 131	

poor coverage. WGS can identify the known key copy number events in each of the 132	

cell lines with fine resolution, including AURKA and MYC amplification, CDKN2A 133	

(Figure 2C) deletion in MCF7, ERBB2 amplification in SKBR3, and CDKN2A 134	

deletion in MDAMD231 (Table S3). Our WGS data can also identify novel CNVs not 135	

reported in either COSMIC or Ben-David et al. LINC00290, a long non-coding RNA, 136	

which has been previously reported to undergo copy number loss in a pan-cancer 137	

study (Zack et al, 2013), has a homozygous deletion in MCF7 (Figure 2D). 138	

Furthermore, CNV boundaries were accurately detected by WGS compared to WES, 139	

in many cases with base pair precision (Table S5). For example, in MCF7 cell line, 140	

the boundaries of the homozygous deletion cover only CDKNA2A, and the nearby 141	

CDKN2B is in a hemizygous deletion region (Figure 2C). FOXA1 copy number gain 142	

is in a focal amplicon, whereas GATA3 is in a broad copy number gain region about 143	

0.5Mb long & ESR1 copy number gain is towards the 5’ end of the gene. (Figure S6).  144	

In order to estimate the functional impact of these variants, we compared our list of 145	

copy number variations with functional screen data from these cell lines (Marcotte et 146	

al., 2016). In MCF7, 33 out of the 445 copy number events harbor at least one of the 147	

breast cancer essential genes from (Marcotte et al., 2016). Interestingly this reveals 148	

coordinated amplification of ESR1 and its co-factors NCOA3 and GATA3 and pioneer 149	

factor FOXA1, perhaps explaining the extreme estrogen-sensitivity of this cell line 150	
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(Table S5). Therefore, this study resolves known copy number events at nucleotide 151	

resolution and reports a substantial number of new copy number variants, some with 152	

evidence for function in these commonly-used cell line models.   153	

 154	

Patient Derived Xenograft models 155	

Bruna et. al. performed shallow WGS (<1X) profiling of 83 breast cancer PDX 156	

models and assessed their response to drug treatment (Bruna et al., 2016). Copy 157	

number calls were generated at 100kb resolution. Here we have selected six well-158	

established and frequently-used PDX models with two matched blood samples 159	

(DeRose et al., 2011) and performed WGS with at least 90x coverage (blood samples 160	

were sequenced at 30x coverage)(Table S7) to generate reliable SNP, copy number 161	

and structural variant calls. Using the same pipeline as the cell line analysis based on 162	

the reads mappable to human genome, we identified 3,435,230 to 4,172,800 variants 163	

per sample from the WGS data, including SNVs and small indels (Table S1). 164	

Similarly to the cell line data, the majority have been identified in the dbSNP database 165	

(Sherry et al., 2001) (95.6% ~ 95.9%) (Table S1). About 84% of these variants 166	

identified in dbSNP have also been reported in 1000 genome projects (Genomes 167	

Project et al., 2012). Each of the PDXs has about 4% of total variants as PDX specific 168	

variants (Figure 3A). In HCI002, more than half of the PDX line specific variants are 169	

located in inter-genic regions, followed by variants in introns (Figure 3B). To validate 170	

our findings, we performed exome sequencing analysis of selected models and 171	

identified There are 12 non-synonymous mutations identified using an independent 172	

exome sequencing analysis of these models, all of which have been also identified in 173	

our WGS data (Table S8).   174	
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Using a stringent cutoff (Minoche et al., 2021), we have created a list of high 175	

confidence copy number alterations and structural variants for each of the PDXs 176	

(Table S9&S10). Recurrently amplified regions across the PDX models are 177	

chromosome 8q in HCI002/005/010/012 (covering MYC, Table S11) and 178	

chromosome 7p in HCI004/HCI008 (covering EGFR). Frequent deleted regions 179	

harbor classic tumour suppressor genes, for example PTEN in HCI004/HCI010 180	

(Figure 3C, Table S9).  181	

Because PDX tumours probably model more aggressive breast cancers (DeRose et 182	

al), we proposed that genomic analysis of PDX models may reveal genes associated 183	

with very aggressive disease. Interestingly, the most frequently deleted gene in PDX 184	

models, CSMD1(in 3 out of our six PDX models), is much more frequently deleted in 185	

metastatic breast cancer (14%) than in early disease (4%) (Figure 4A). Low 186	

expression of CSMD1 is also associated with poor survival outcome in the 187	

METABRIC early cancer cohort (Figure 4B). Interestingly, we identified copy 188	

number loss of CSMD1 in 23 of 32 PDXs in another PDX sequencing dataset (Bruna 189	

et al., 2016). These data suggest that CSMD1 plays a critical role in suppressing 190	

growth or survival of metastatic breast cancers.  191	

 192	

Discussion 193	

We have completed whole genome analysis for widely used breast models, including 194	

mutations, copy number and SVs. The data has refined previously finding in cell lines 195	

such as AURKA and MYC amplification/CDKN2A deletion in MCF7, ERBB2 196	

amplification in SKBR3, and CDKN2A deletion in MDAMD231 at nucleotide 197	

resolution. Our WGS data also identified novel mutations in non-coding genes and 198	

novel CNVs such as a homozygous deletion in LINC00290, and will be an important 199	
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resource for research in this area. Since WGS is far more accurate in identifying 200	

CNVs boundaries, it can provide further insights into well-known cancer associated 201	

genes, such as focal amplification of FOXA1 in MCF7 versus broad copy number 202	

gain in GATA3 and partial gain of ESR1. By comprehensively identifying the genomic 203	

features of these models, the field can now choose appropriate models to examine the 204	

functional significance of genes or pathways of interest.   205	

Genomic studies of PDX may help us identify genomic features associated with very 206	

poor prognosis, as growth in a PDX acts as a ‘filter’ to enrich for the most aggressive 207	

tumours and cells that otherwise occur at low patient frequency in unselected breast 208	

cancer cell populations. In support of this, we found recurrent deletion of CSMD1 in 209	

the PDXs models and its associated with metastatic disease and survival. Further 210	

extension of this idea to more PDX models may reveal further drivers of aggressive 211	

disease. The WGS data in this study is a valuable resource for other genomics studies 212	

to map to, for instance, CHIP-Seq or RNA-Seq studies to focus on non-coding and 213	

regulatory regions. 214	

 215	

Conclusions 216	

We have applied deep whole genome sequencing (WGS) of commonly used cell lines 217	

and PDX models using the Illumina X10 platform with an average ~ 60x coverage. 218	

We show that this resource can be used to identify novel genomic alterations, 219	

including point mutations and genomic rearrangements, compared to previously 220	

available sequencing data.   221	

Specific outcomes include:  222	

- A comprehensive list of point mutations, copy number and structural variants 223	

for cell lines and PDX models. 224	

- Integrative analysis with publicly available functional screening data identifies 225	

new genomic features of biological significance. 226	
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- CSMD1, a known tumour suppressor gene, identified with deletion in 50% of 227	

our PDX models, suggesting an important role in aggressive breast cancers. 228	

- Raw data and processed data will be publicly available. 229	

 230	

Methods 231	

Sample acquisition and preparation 232	

The MCF7 cell line was originally obtained from Michigan Cancer Foundation, the 233	

MCF10A from Brugge Lab, Boston, the MDAMB231 from EG&G Mason RI 234	

Worcester MA, and the MDAMB468, SKBR3 and T47D were from ATCC. Cells 235	

were cultured in their standard media to expand and frozen cell pellets used for DNA 236	

extraction. Breast Cancer PDX models were obtained from Alana Welm, and were 237	

expanded in house using techniques previously reported in DeRose et al 2010. 238	

 239	

DNA extraction 240	

The DNeasy Blood & Tissue Kit (Qiagen) was used for DNA isolation from about 241	

25mg frozen tumor, according to the manufacturer’s recommendations. RNase A 242	

(Qiagen) was used to obtain RNA-free genomic DNA. Only isolated DNA with 243	

A260/280 and A260/230 ratios above 1.8 and proven to be high quality by gel 244	

electrophoresis were used for sequencing. 245	

 246	

Whole Genome Sequencing analysis of cell lines and PDX 247	

The five cancer cell lines MCF7, MDAMB231, T47D, SKBR3, MDAMB468 and one 248	

non-malignant cell line MCF10A and six PDX models were submitted for sequencing 249	

with at least 60x coverage. Raw reads were mapped to human genome GRCh37 using 250	

Issac aligner from Illumina and called point mutations and small indels by Issac. 251	

Copy number alterations from the cell lines were estimated from cn.mops (R 252	
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package), and CNVnator (Abyzov et al., 2011). Structural variants were computed 253	

from Breakdancer (Chen et al., 2009), Delly (Chen et al., 2009) and Lumpy (Abyzov 254	

et al., 2011). Structural variants were annotated and visualized using ClinSV 255	

(Minoche et al., 2021) and IGV (Robinson et al., 2011). Raw sequencing files (fastqs) 256	

and variants (vcfs) are deposited at European Genome Archive. Data access will need 257	

to be submitted Data Access Committee EGAC00001001974. 258	

 259	

Cell line identity check using SNP array 260	

These common cell lines have been profiled by Affymetrix SNP 6.0 array previously 261	

in multiple studies. Raw cel files were downloaded from the Heiser et al and CCLE 262	

and were analysed by affymetrix genotyping console software. Correlation analysis 263	

between the genotyping calls between array and WGS data to confirm cell line 264	

identity. 265	

 266	
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Figure 1: Summary of single nucleotide variations (SNVs) in six breast cancer cell 396	

lines, including two replicates for MCF-7. (A) Classification of SNVs into different 397	

categories: overlap with 1000 genome project; overlap with dbSNP but not in 1000 398	

genome project; cell-line specific events; (B) Distribution of the SNVs in MCF-7 in 399	

respect to location of protein coding genes. (C) unsupervised hierarchical clustering 400	

of MCF7 in this study together with 27 MCF7 strains in Ben-David et al, based on 401	

their missense mutation obtained from supplementary information from (Ben-David 402	

et al) (D) Percentage of overlapping missense mutations between our findings and 403	

those  identified in multiple strains of MCF7s in Ben-David et al. (E) Venn diagram 404	

shows the overlap of missense mutations in Ben-David et al and this study. 405	

 406	

Figure 2: (A) Genomics landscape of copy number and structural variants in six 407	

breast cancer cell lines. Circos plots of each individual cell lines are included. Copy 408	

number events are summarized in the inner circle with red and blue color indicates 409	

copy number gains and blue respectively, two inner circles are represented two 410	

replicates of MCF7 samples (one 30X and one 60X). Arcs connecting two loci of 411	

difference chromosomes indicate inter-chromosomal structural variations. (B) Venn 412	

diagram shows the overlap of CNV genes between COSMIC, Ben-David et al and 413	

this study. (C) Representative genome browser view of copy number alterations 414	

covering a common CNV gene, CDKN2A. Tracks from top to bottom: depth of 415	

coverage in an NA12878 control (control), all reads in the sample (all reads), or reads 416	

with mapping quality >=20 (MQ>20), the average mapping quality of aligned reads 417	

from the sample (MQ, if no reads align MQ=0), coverage standard deviation from 500 418	

controls (Coverage SD, indicating common CNV), overlapping segmental 419	

duplications published by Bailey JA et al. 2002 (SEG-DUP, used as control for 420	
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germline CNVs),  discordant pairs (DP), split reads (SR), variants from the Database 421	

of Genomic Variants (DGV), and RefSeq genes (Genes). (D) Representative genome 422	

browser view plot of a novel CNV gene LINC00290 in this study. 423	

 424	

Figure 3: Summary of SNVs in breast cancer patient-derived xenograft models: (A) 425	

classifications of SNVs into three categories: overlap with 1000 genome project; 426	

overlap with dbSNP but not in 1000 genome project; PDX-specific variants. (B) 427	

Distribution of the SNVs in HCI002 model in respect to location of protein coding 428	

genes. (C) Representative genome browser view of copy number alteration covering 429	

PTEN in HCI004 model. Tracks from top to bottom: depth of coverage in HCI004 430	

germline (control) and HCI004 PDX, and the average mapping quality of aligned 431	

reads from the sample (MQ, if no reads align MQ=0), coverage standard deviation 432	

from 500 controls (Coverage SD, indicating common CNV), overlapping segmental 433	

duplications published by Bailey JA et al. 2002 (SEG-DUP, used as control for 434	

germline CNVs),  discordant pairs (DP), split reads (SR), variants from the Database 435	

of Genomic Variants (DGV), and RefSeq genes (Genes). 436	

 437	

Figure 4: Genes with enriched genomic alterations in PDXs 438	

(A,B) Genes with frequent copy number alterations in PDXs samples showing higher 439	

copy number variations in a metastatic breast cancer cohort than a primary breast 440	

cancer cohort (cbioportal). Each row indicates a gene and each column indicates a 441	

breast cancer sample. Copy number gains are in red and deletions are in blue. 442	

CSMD1, for example, showing a much high frequency of copy number deletion in the 443	

metastatic cohort. (C) Kaplan-Meier survival analysis of METABRIC samples 444	
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stratified by CSMD1 expression status. Top 25% samples with high CSMD1 is in red, 445	

showing a better survival outcome compared to those with low CSMD1 expression. 446	

  447	



A B

Figure 1

C

0
.0

0
.2

0
.4

0
.6

0
.8

1
.0

no. of MCF7 strains

P
e
rc
e
n
ta
g
e

2+ 5+ 10+ 15+ 20+ 27

This StudyTodd Golub 

        et al

Missense Mutations

9555

(635)

203

D E



Figure 2

A

B C

D

control
all reads

MQ>20
MQ

Coverage SD

Seg DUP

DP

DGV

Genes

SR

control
all reads

MQ>20
MQ

Coverage SD

Seg DUP

DP

DGV

Genes

SR



HCI004Blood

HCI010Blood

HCI002

HCI004

HCI005

HCI008

HCI010

HCI012

0
e

+
0

0

1
e

+
0

6

2
e

+
0

6

3
e

+
0

6

4
e

+
0

6

A

C

Figure 3

B

HCI004 germline

HCI004 tumour

HCI004 SD

SEG-DUP

Genes

MQ

[0 - 70]

[0 - 150]

[0 - 60]

[0 - 0.50]

88.6 Mb 88.8 Mb 90.8 Mb

2,483 kb

10

p14 p12.31 p11.22 q11.22 q21.2 q22.1 q23.1 q24.1 q25.1 q26.11 q26.3

MMRN2 NUTM2A MIR4678 ATAD1 RNLS LIPJ LIPN FAS

SNCG LINC00863 PAPSS2

PTEN

RNLS LIPF ACTA2

LDB3

GLUD1 MINPP1 ATAD1 ACTA2

ACTA2

FAS

89.0 Mb 89.2 Mb 89.4 Mb 89.6 Mb 89.8 Mb 90.0 Mb 90.2 Mb 90.4 Mb 90.6 Mb



Figure 4
A. Metastatic Breast Cancer Project (cbioportal)

B. METABRIC (cbioportal)

C



	 19	

Supplementary Information 448	

 449	

Deep whole genome sequencing identifies recurrent genomic alterations in breast 450	

cancer cell lines and patient derived xenograft models 451	

 452	

List the full names, institutional addresses and email addresses for all authors 453	

Niantao Deng1,2, Andre Minoche2,3, Kate Harvey1, Meng Li4,5, Juliane Winkler4,5, 454	

Andrei Goga4,5, Alex Swarbrick1,2 455	

1The Kinghorn Cancer Centre & Cancer Research Theme, Garvan Institute of 456	

Medical Research, Sydney, Australia; 2St Vincent’s Clinical School, Faculty of 457	

Medicine, UNSW, Australia; 3Kinghorn Centre for Clinical Genomics, Garvan 458	

Institute of Medical Research, Sydney, Australia;	4Department of Cell & Tissue 459	

Biology, University of California, San Francisco, San Francisco, CA, USA; 460	

5Department of Medicine, University of California, San Francisco, San Francisco, 461	

CA, USA. 462	

 463	

List of supplementary figures 464	

 465	

Figure S1: number of citations from PubMed for breast cancer cell lines. 466	

Number of citations for each of the cell lines obtained from PubMed. 467	

Figure S2: Heatmap of correlation of genotyping calls of breast cancer cell lines from 468	

three different studies. 469	

Correlation analysis of genotyping calls from this study to compare with SNP calls 470	

from Heiser et al and CCLE. 471	

Figure S3: IGV plot of a non-coding gene MALAT1 in MCF7 and MDAMB231 472	

respectively, showing a mutation in MCF7 but not in MDAMB231 473	



	 20	

Figure S4: Circos plot of structural variations in breast cancer cell lines, MDA-MB-474	

231, T47D, MDA-MB-468 and SKBR3 475	

Arcs connecting two loci of difference chromosomes indicate inter-chromosomal 476	

structural variations. 477	

Figure S5: GREAT analysis of genes affected by SV variants in the breast cancer cell 478	

lines 479	

Figure S6: Representative IGV plot showing copy number gains in FOXA1, GATA3 480	

and ESR1 in MCF7 481	

Tracks from top to bottom: depth of coverage in an NA12878 control (control), all 482	

reads in the sample (all reads), or reads with mapping quality >=20 (MQ>20), the 483	

average mapping quality of aligned reads from the sample (MQ, if no reads align 484	

MQ=0), coverage standard deviation from 500 controls (Coverage SD, indicating 485	

common CNV), overlapping segmental duplications published by Bailey JA et al. 486	

2002 (SEG-DUP, used as control for germline CNVs),  discordant pairs (DP), split 487	

reads (SR), variants from the Database of Genomic Variants (DGV), and RefSeq 488	

genes (Genes). 489	

 490	

List of supplementary tables 491	

Table S1-S11 492	

Table S1: Summary of total number of variants in difference cell line models and 493	

PDXs from whole genome sequencing 494	

Table S2: List of the 635 additional missense mutations in MCF7 compared to Ben-495	

David et al 496	

Table S3: The complete list of variants in the non-coding regions in these cell lines 497	

models 498	



	 21	

Table S4: List of structural variants identified in the cell line models 499	

Table S5: List of copy number alterations identified in the cell line models 500	

Table S6: Comparison of the genes with copy number alterations in COSMIC, Ben-501	

David et al and this study 502	

Table S7: Summary of sequencing depth for PDXs 503	

Table S8: List of mutations identified and validated in breast cancer PDXs 504	

Table S9: List of copy number alterations and identified in the PDXs 505	

Table S10: List of structural variants identified in the PDXs 506	

Table S11: List of genes with common copy number alterations in the PDXs 507	



Figure S1

Figure S2

Lorem ipsum



Figure S3

Figure S4

MCF7

MDAMB231

Refseq

MDA-MB-231 T47D

MDA-MB-468 SKBR3



Genes within amplicon 20q12-q13 identified in 191 breast tumours
Genes within amplicon 17q21-q25 identified in 191 breast tumours

Cluster 6: selected luminal genes clustered across breast tumours

Genes within amplicon 20q12-q13 identified in 191 breast tumours

Genes within amplicon 17q21-q25 identified in 191 breast tumours

Cluster 6: selected luminal genes clustered across breast tumours

Genes within amplicon 8q23-q24 identified in 191 breast tumours

Genes up-regulated with HEMGN in the TLX1 Tet on iEBHX15-4 cells

Genes within amplicon 8q12-q22 identified in 191 breast tumours

Figure S5

MCF7

T47D

Genes down-regulated in HFK cells in response to UVB irradiation

Genes with putative STAT5

Genes up-regulated by IL2

Angiogenic markers down-regulated in HV (Kaposi’s sarcoma herpes virus)

SKBR3



FOXA1- 8 copies, focal 

amplification

GATA3, broad gain, 4 copies

ESR1, partial gain

Figure S6

control

all reads

MQ>20

MQ

Coverage SD

Seg DUP

DP

DGV

Genes

SR

control

all reads

MQ>20

MQ

Coverage SD

Seg DUP

DP

DGV

Genes

SR

control

all reads

MQ>20

MQ

Coverage SD

Seg DUP

DP

DGV

Genes

SR



Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

SuppTable14.xlsx

SuppTableS5.xlsx

SuppTableS6.xlsx

SuppTableS78.xlsx

SuppTableS9.xlsx

SuppTable10.xlsx

SuppTableS11.xlsx

https://assets.researchsquare.com/files/rs-859624/v2/48098b288af21c532d5ef85b.xlsx
https://assets.researchsquare.com/files/rs-859624/v2/5ea0d7e63865585f10fcbd9f.xlsx
https://assets.researchsquare.com/files/rs-859624/v2/5773ab6a0b879ff29e4ecffe.xlsx
https://assets.researchsquare.com/files/rs-859624/v2/0a329e4e4e12a14e5a392d75.xlsx
https://assets.researchsquare.com/files/rs-859624/v2/723df8449381440c63efb946.xlsx
https://assets.researchsquare.com/files/rs-859624/v2/246f71c13c1dd2e3a7519a2c.xlsx
https://assets.researchsquare.com/files/rs-859624/v2/9f9038db07a1c52a49f8efd6.xlsx

	Dengetal_Final
	Figures_Dengetal
	Figures_Dengetal_supp

