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A large database of copy number profiles from cancer genomes can facilitate the identification of recurrent chromosomal
alterations that often contain key cancer-related genes. It can also be used to explore low-prevalence genomic events such
as chromothripsis. In this study, we report an analysis of 8227 human cancer copy number profiles obtained from 107
array comparative genomic hybridization (CGH) studies. Our analysis reveals similarity of chromosomal arm-level al-
terations among developmentally related tumor types as well as a number of co-occurring pairs of arm-level alterations.
Recurrent (“pan-lineage”) focal alterations identified across diverse tumor types show an enrichment of known cancer-
related genes and genes with relevant functions in cancer-associated phenotypes (e.g., kinase and cell cycle). Tumor type-
specific (“lineage-restricted”) alterations and their enriched functional categories were also identified. Furthermore, we
developed an algorithm for detecting regions in which the copy number oscillates rapidly between fixed levels, indicative
of chromothripsis. We observed these massive genomic rearrangements in 1%-2% of the samples with variable tumor
type-specific incidence rates. Taken together, our comprehensive view of copy number alterations provides a framework

for understanding the functional significance of various genomic alterations in cancer genomes.

[Supplemental material is available for this article.]

Cancer genomes harbor various somatic forms of genetic alter-
ations ranging from nucleotide-level changes (e.g., nucleotide
substitutions and small insertions/deletions) (Greenman et al.
2007) to large chromosomal events (e.g., translocations and copy
number alterations) (Albertson et al. 2003; Mitelman et al. 2007).
As a comprehensive catalog of tumor-related chromosomal alter-
ations can help identify genomic features with potential clinical
benefits (Chin and Gray 2008; Meyerson et al. 2010), collecting
and profiling tumor samples using genome-wide, high-throughput
platforms have been major efforts during the last decade. The
resulting accumulation of cancer genome studies has provided
new mechanistic insights that aid in a more systematic under-
standing of human cancer and in identification of molecular tar-
gets for cancer therapy (Chin et al. 2011; Hanahan and Weinberg
2011). However, due to the intrinsic complexity and heterogeneity
of human cancer genomes, there is still a large number of un-
resolved issues. For example, a majority of cancer-related genomic
alterations are believed to be “passengers” that arise as a by-product
during cancer genome evolution, without obvious advantage for
the affected clones. The discrimination of such passenger alter-
ations from “driver” alterations that contribute to tumor initiation
and/or progression remains a difficult task.

In the past few years, array-based comparative genomic hy-
bridization (array-CGH) has become a dominant tool for genome-
wide detection of copy number changes in cancer (Pinkel et al. 1998;
Snijders et al. 2001). It has been applied to a wide range of tumor
types, with notable success in subtype classification and biomarker
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screening (Albertson and Pinkel 2003; Pinkel and Albertson 2005).
Most array-CGH studies performed so far, however, focus on a
specific tumor type with a limited number of samples. Some ef-
forts have been made to construct a large-scale array-CGH data-
base (Baudis and Cleary 2001; Beroukhim et al. 2010; Cao et al.
2010), with indications that a large compilation of cancer genomes
may be advantageous in distinguishing driver alterations from
passenger events. In particular, Beroukhim et al. (2010) reported
analysis of ~3000 cancer genome profiles that resulted in iden-
tification of numerous focal somatic alterations across tumor types,
corroborating that a large database can help identify recurrent
focal alterations that are likely to be oncogenic drivers. That
analysis, however, was based on a single array-CGH platform from
Affymetrix with 250K probes (Beroukhim et al. 2010). Consid-
ering the growing number of cancer data sets in public databases
and continual improvement in platforms, it is imperative that
the research community should take advantage of the statistical
power and a wide range of tumor types that come with a larger
compendium.

In this study, we present extensive computational analysis
of 8227 copy number profiles gathered from 107 array-CGH hu-
man cancer studies. The data were collected from the Gene Ex-
pression Omnibus (GEO; http://www.ncbi.nlm.nih.gov/geo/), a
public repository of microarray data sets (Barrett et al. 2009).
Among the array-CGH studies available in GEO, we collected those
profiled by high-resolution, oligonucleotide-based platforms (>100K
probes) from two commercial vendors (Affymetrix and Agilent).
After normalization and application of segmentation algorithms,
the arm-level alteration frequencies across the samples were in-
vestigated for lineage-specific patterns in major tumor types and
for concordant relationships between alterations. We also delineated
the minimal common regions (MCRs) across the entire data set
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and in a given tumor type (“pan-lineage” and tumor type-specific
MCRs, respectively). MCR (sometimes called MAR for “minimally
altered region”) is defined as the minimal region of amplifications
or deletions representing a common genomic alteration across the
examined cancers (Santarius et al. 2010). MCRs were interpreted
by their association with known cancer-related genes (Futreal et al.
2004) and Gene Ontology (GO) functional categories (Ashburner
et al. 2000). Finally, we performed a survey of chromothripsis,
a massive genomic rearrangement event that is thought to occur
in a small fraction of tumors (Stephens et al. 2011). Overall, our
study presents a global view of copy number alterations and dem-
onstrates the utility of a large-scale copy number database in priori-
tizing candidate biomarkers and in exploring unique patterns of
chromosomal imbalances such as chromothripsis.

Results

A compendium of copy number profiles from human
cancer genomes

We searched the GEO database to obtain data from high-resolution,
array-CGH platforms for human cancer samples (Fig. 1A). We
focused on the five platforms comprising more than 100K oli-
gonucleotide probes from two commercial vendors (Agilent and
Affymetrix): Agilent 244K and Affymetrix 100K, 250K, 500K, and
SNP6.0. The number of probes ranged from 115,417 (Affymetrix
100K) to 1.8 million (Affymetrix SNP6.0). From the 107 array-CGH
studies based on these platforms, we collected a total of 8227
cancer genome copy number profiles after removing normal con-
trols or duplicates. The sample numbers are shown for individual
tumor types and array-CGH platforms in Figure 1B. The frequen-
cies of individual tumor types in our data set were compared with
the tumor incidence rates (Supplemental Fig. S1). A substantial
level of correlation (r? = 0.44) was observed, attributable to tumor
types with higher incidence rates that are also well-represented in
databases, such as breast and lung cancers. The detailed infor-
mation on the data sets is available in Supplemental Tables S1
and S2. For subsequent analysis, we used the log, ratio profiles as
available in the GEO database for the Agilent 244K platforms (n =
1750) and derived log, ratios (tumor/reference) using HapMap
population data as a universal reference for the Affymetrix plat-
form (n = 6477) (see Methods for segmentation steps and addi-
tional processing). The segmentation profiles of all tumor samples
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Figure 1.

Ovarian

Compilation of large-scale cancer genome copy number profiles. (A) A schematic of data
collection is shown. Five high-resolution, array-CGH platforms used are listed with the corresponding
GEO accession ID (GPL) and the number of associated samples. (B) Major tumor types (>100 samples for
each type) are shown with their sample numbers with respect to the five platforms. (MDS) Myelodys-
plastic syndrome, (MM) multiple myeloma, (MPD) myeloproliferative disorder.

and other analysis files are available at http://compbio.med.
harvard.edu/metaCGH/.

In our data set, we observed an average of 79.3 gains and 80.9
losses per sample, involving 9.7% and 11.6% of the reference ge-
nome, respectively. Among the five platforms, Affymetrix SNP6.0
(190.5 gains and 233.6 losses per sample) and Agilent 244K plat-
form (108.5 gains and 107.4 losses per sample) showed a sub-
stantially higher number of alterations compared to Affymetrix
100K-500K platforms, with smaller alteration sizes on average
(Supplemental Fig. S2). The small size and relative abundance of
alterations in these platforms may be due to the higher sensitivity
with increased resolution of the platforms (Affymetrix SNP6.0) or
higher signal-to-noise ratio of longer oligonucleotides (60-bp oli-
gonucleotides of the Agilent platform compared to Affymetrix
25-bp oligonucleotides). It may also be associated with hyper-
segmentation, which has been previously observed in regions
with extreme copy numbers due to different attenuation curves of
neighboring probes (Beroukhim et al. 2007; The Cancer Genome
Atlas Research Network 2008).

Chromosomal arm-level alterations in human cancer genomes

We defined chromosomal arm-level alteration as a single alteration
or an aggregate of alterations that encompass >50% of a chromo-
somal arm. The arm-level alteration frequency measured across
the entire data set (n = 8227) (Fig. 2A) highlights the frequent
gains at 1q, Sp, 7p, 8q, and 20q along with frequent losses at 4q,
6q, 8p, 13q, and 17p (for per-platform alteration frequencies, see
Supplemental Fig. S3). The arm-level alteration frequencies were
converted into chromosomal size-adjusted Z scores as described
previously (Beroukhim et al. 2010) to show the extent of deviation
from the background alteration rate (Supplemental Fig. S4). The
distribution of alteration frequencies (negative correlation of r =
—0.617 between arm-level gain and loss frequencies) (Fig. 2A)
suggests that arm-level alteration-frequent chromosomes tend to
be preferentially gained or lost, but rarely both (Beroukhim et al.
2010).

To investigate tumor-type specificity of arm-level gains or
losses, we measured the arm-level alteration frequencies sepa-
rately for the 19 tumor types that have more than 100 samples
per tumor type. Hierarchical clustering segregates three main clus-
ters of tumor types with similar developmental origins (Fig. 2B).
In one cluster, five hematologic-origin tumors were observed

together. A second cluster contained most
of the epithelial tumors. A third cluster
contained the four tumors arising from

Affymetrix 100K neuroepithelial origin (medulloblastoma,

Afymetrix 250K neuroblastoma, glioma, and melanoma)
Affymetrix 500K .
Affymetrix SNP6.0 and two others. These clusters emphasize

Agilent 244K the strong relationship between embryo-
genesis and the post-embryonic develop-
ment of human cancers at a molecular
level. The similarity between sarcoma

and renal cell carcinoma and their pres-
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=222 58%8 ence in the neuroepithelial cluster were
5 5 oZ Q. . .
B E @ § 2 unexpected. This pattern was previously
5 w
3 2 reported in another large-scale study

(Beroukhim et al. 2010) and was present
even after the removal of the platform
used in that study (Affymetrix 250K/Styl)
(Supplemental Fig. S5), but its biological
significance is not yet clear.
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Figure 2. Overview of chromosomal arm-level alteration frequency. (A) A scatter plot shows the arm-
level alteration frequency measured across the entire data set (n = 8227). The top five most frequently
gained or lost chromosomal arms are marked. Size-adjusted arm-level alteration frequencies are sepa-
rately shown in Supplemental Figure S4. (B) Hierarchical clustering using the arm-level alteration fre-
quency largely segregates 19 tumor types into three clusters of hematologic, epithelial, and neuroepithelial
origins (from left to right). The heat map shows the frequency of chromosomal copy gains (above) and

losses (below), ordered from 1p to 22q.

Next, we examined the extent of co-occurrence for arm-level
alteration pairs. We distinguished concordant arm-level alteration
pairs (gain-gain and loss-loss) (Fig. 3A) from discordant ones (gain-
loss and loss-gain) (Fig. 3B). Among the potential concordant
chromosomal arm pairs, we observed a cluster of pairs between
short, gene-rich chromosomes, such as 16p, 17p/q, 19p/q, 20q,
and 22q (gene density > 10 genes/Mb) (arrow indicated in Fig. 3A).
We also observed two clusters of significant discordant pairs be-
tween short, gene-rich chromosomes listed above and gene-poor
chromosomes such as 4q, 5p, 6q, 13q, and 18q (marked by two
solid arrows in Fig. 3B).

tified a total of 94 amplification and 71
deletion MCRs (Supplemental Table S3).
We termed these 165 recurrent alterations
as pan-lineage MCRs.

Pan-lineage amplification and de-
letion MCRs comprise 0.69% and 0.50%
of the reference genome, encompassing
coding sequences of 421 and 156 known
genes (out of 20,234 autosomal RefSeqs), respectively. Known
cancer-related genes were significantly overrepresented in these
MCRs (17 out of 264 autosomal cancer consensus genes; Fisher’s
exact test P = 0.0015) (Futreal et al. 2004). Ten (MYCN, PDGFRB,
EGFR, FGFR1, WHSCIL1, MYC, HOXC13, CDK4, NTRK3, and ERBB2)
and seven cancer-related genes (CDKN2A, PTEN, ATM, ERCI,
FOXO1, TP53, and TCF3) were associated with pan-lineage am-
plification and deletion MCRs, respectively. These 17 genes and
their significance (GISTIC Q-values) are shown in Figure 4A.

GO analysis showed that 15 and 35 out of 1004 GO func-
tional categories were significantly enriched in amplification and
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| I | ‘ k 13‘]-19p
= g 1= " 1017
n n - lJ " 20p_22q
= - el
1‘1);:_1')
212
wmanew "u® "™ S .I1q_152
0 s
n £ = ma —— 9o0p S
o N EEmEm =mm - m ms 3“—21q 3
| (O] 8g—mq (U]
—5q
3p_
- 4 =B " J" k", X
A -2q
| 2p—9p
- = 18p
- — 2 4p
m e JlFT ol o gOP—Bq
1gq_4q
- o M|, 13
OO0 Q0 QQ00000QoQ00QQ00Q
A A N A I A A A
ONMNAN~"T T ANDLOOT-TOWMANODTOFTN
ecgcordeegse e
Gene rich ¢———————— Gene poor Gene rich<«¢——————— Gene poor
Loss Loss
|

10+

P value (adjusted)

1

Figure 3. Concordant and discordant relationships between arm-level alterations. (A) The extent of concordance for chromosomal arm-level gain-gain
and loss-loss is shown in the upper right and lower left triangles, respectively. The chromosomal arms are sorted by gene density (genes/Mb; e.g., 19q and
5p are the most gene-rich and gene-poor chromosomal arms, respectively). The heat map shows the multiple test-adjusted significance of concordance.
The arrow marks a cluster of frequent gain-gain and loss-loss pairs between gene-rich chromosomal arms. (B) The extent of discordance between
chromosomal arm-level gain-loss is shown. The two solid arrows indicate clusters of chromosomal arm pairs with frequent discordant changes between
gene-rich and gene-poor chromosomal arms. The dotted arrow indicates a discordant pair between 7p gain and 10q loss.
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Figure 4. Recurrent chromosomal alterations across diverse tumor
types. (A) The significance of recurrent amplification (left) and deletion
(right) as measured by the GISTIC algorithm (GISTIC Qvalue; log-scaled) is
plotted across the genome. Seventeen known targets (cancer consensus
genes) are shown at the corresponding peaks. (B) The GO categories
significantly enriched in pan-lineage amplification and deletion MCRs are
shown. Similar functional categories (e.g., “kinase” or “kinase activity’)
are grouped, and the representative function is shown with the number of
related GO functions in parentheses. An asterisk indicates that the corre-
sponding functional categories remained significant after removal of
MCRs with known cancer genes.

deletion MCRs (FDR < 0.01) (Fig. 4B; Supplemental Table S4), re-
spectively. Among the 15 functions enriched in amplification
MCRs, seven had functional annotations related to “protein tyro-
sine kinase.” “Cell cycle/apoptosis”-related functional categories
comprised 10 out of 35 functions enriched in deletion MCRs. After
excluding the peaks that contain cancer consensus genes, “micro-
tubule,” “lyase,” and “transporter” (with amplification) and “cell
junction/adhesion” and “metabolism” categories (with deletion)
remained significant (Supplemental Table $4).

To identify MCRs that may have arisen due to increased local
genomic fragility rather than selective advantage or functional
significance, we compared the pan-lineage MCRs with 37 known
fragile regions available in the literature (Bignell et al. 2010). Two
(FRA6H/6p21 and FRA13E/13q22) and three fragile sites (FRA3B/
3p14, FRA4F/4q22, and FRA10D/10qg21) were associated with am-
plification and deletion MCRs, respectively. In addition, when we
measured the overlap between pan-lineage MCRs and known
germline copy number variations (CNVs) obtained from the Data-
base of Genomic Variants (DGV) (http://projects.tcag.ca/variation/),
eight MCRs showed substantially elevated CNV density (>100
CNVs/Mb; mean of all MCRs was 36.2 CNVs/Mb), indicative of
potential germline origins for these recurrent alterations. The
detailed information about the overlap with known fragile re-
gions and CNVs is available in Supplemental Table S3.

Since our compendium is composed of genomic profiles
from multiple array-CGH platforms, the reduction of potential
platform biases may enhance the true biological signal. This is
a challenging problem, especially because we do not have the
same samples profiled on multiple platforms and the probe char-
acteristics are variable across platforms. In our attempt to mitigate
the impact of the platform-specific effects, we employed a linear
mixed model on the profiles after they have been segmented (see
Methods). The adjusted profiles show an overall improvement in
the extent of overlap between the genomic peaks identified in
each platform, compared to those from unadjusted profiles (Sup-
plemental Fig. S6).

Tumor type-specific alterations and functional association map

Our cancer genome database can be used to identify tumor type-
specific alterations (“lineage-restricted” alterations) that may be
important in a specific cellular context. We used the copy number
profiles adjusted for platform effects to call tumor type-specific
peaks in each of the 19 tumor types (those with >100 samples per
tumor type). As we expected, the set of cancer genes observed
in tumor type-specific alterations represents a mixture of cancer
genes with broad tumorigenic potential such as CDKN2A, PTEN,
ERC1, PDGFRB, MYC, and HOXC13 (for those in pan-lineage al-
terations) and CCND1, FGFR3, PAXS, and RB1 (not in pan-lineage
alterations; all observed in five or more tumor types), as well as
those with lineage-restricted functionality. Known cancer genes
observed in tumor type-specific alterations with the significance
of enrichment are listed in Table 1. Only four cancer type-specific
alterations showed significant enrichment for known cancer genes
(P<0.05): deletion peaks of breast, leukemia, colorectal, and ovarian
cancers. Although we observed some well-recognized pairs of cancer
types and copy number altered genes such as breast cancer-ERBB2
(Slamon et al. 2001) and high-grade glioma-EGFR (The Cancer
Genome Atlas Research Network 2008), it is likely that some
genes whose oncogenic behavior is lineage-dependent are not on
the list of known targets due to the incompleteness of this list.
For example, although not listed as a cancer consensus gene,
microphthalmia-associated transcription factor MITF (3p14.1),
known as a master regulator of melanocyte development and
a melanoma-specific oncogene (Garraway et al. 2005), was only
included in the lineage-specific alterations of melanoma.

One of the 17 prostate cancer-specific deletions was ob-
served within the intergenic region between ERG and TMPRSS2
loci. The average copy number profile of 372 prostate cancer
genomes shows that the majority of genomic deletions involving
the ERG locus in prostate cancer have ERG and TMPRSS2 loci at
their 5’ and 3’ breakpoints, respectively (Supplemental Fig. S7).
This deletion is known to give rise to the TMPRSS2-ERG gene
fusion in prostate cancer (Kumar-Sinha et al. 2008), and the
observed pattern is consistent with the “fusion breakpoint prin-
ciple” of unbalanced translocation events (Wang et al. 2009).
The co-occurrence of intragenic deletion breakpoints of ERG and
TMPRSS2 loci was significant (n = 45 out of 372 prostate cancers;
P=9.1 X 10725 by Fisher’s exact test).

To enhance biological interpretation of the tumor type-specific
alterations and their associated genes, we measured the enrichment
with respect to GO categories (Fig. 5). These maps show significant
gene sets (based on tumor type-specific amplifications/deletions)
and GO categories as nodes and significant overlaps between them
as edges. Figure 5A lists the 31 gene sets showing significant en-
richment with amplification peaks of nine tumor types. Genomic
loci encoding kinase and signaling molecules are hotspots of am-
plification, especially in breast cancer, but are also common in
other tumor types. Some enrichment can be explained by alter-
ations on a few genomic loci affecting adjacent genes with sim-
ilar functions (i.e., gene clusters). For example, gene clusters of
chemokine ligands (CCL on 17q12) and fibroblast growth factors
(FGF on 11q13) are responsible for the enrichment of “chemokine
activity/immune” in colorectal cancers and “growth factor activity/
signaling” in lung cancers, respectively (for details, see Supplemental
Table S5). However, some enrichment such as “kinase activity” of
breast cancer (20 genes on nine different chromosomal arms) and
“MAP kinase activity” of renal cell carcinoma (MAPK9 on 5935,
MAPK11 and MAPK12 on 22q13, and MAPK15 on 8q24) are sug-
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Table 1. Tumor type-specific alterations and associated cancer genes

Tumor type Alteration Peaks Cancer genes P-value
Breast Amp 91 ERBB2, FUS, HSP90AB1, TFPT, LMO2, CRTCI1, ELL, RECQL4, MYC, FLT4 0.209
(1242) Del 34 HRAS, PTEN, MAP2K4, STK11, CDKN2A, RB1, FGFRTOP, MLLT4, CBFA2T3 1.1 x107*
Lung Amp 88 FGFR1, WHSCTL1, CEBPA, KIT, MYC, NTRK3 0.255
(1012) Del 95 MAP2K4, HIP1, CDKN2A, RABEP1, ERC1, VHL, TRIP11 0.525
Leukemia Amp 87 BCR, TSC2, PDGFRB, CCND1, CBFA2T3 0.960
911) Del 61 PTEN, ACSL6, JAK2, SMARCBT1, CDKN2A, ETV6, ERC1, RB1, CDC73, DDX10 1.3x10°°
Lymphoma Amp 110 TSC2, CDC73, PDGFRB, STK11, FANCA, CDK4, PAXS 0.849
(740) Del 68 SMO, SMARCB1, TSC2, FGFR1OP, CDKN2A, TFRC, ERC1, MLLT4 0.485
MDS Amp 147 HOXC13, HOXAT3, TSC2, RET, HOXA9, CYLD, PDGFRB, TFEB, HOXA11, CDK4, 0.596
ETV1, NOTCHI1, CBFA2T3
(393) Del 59 PTEN, COL1A1, CBL, FANCA, JAK2, TET1, HRAS, ETV6 0.076
MM Amp 133 HOXC13, HOXAT3, FGFR3, HOXA9, ACSL6, CCND1, HOXAT1, LMO1, MYC, PAX5 0.542
(391) Del 29 GPHN, SMARCBI, RB1, TP53, ERCI 0.087
Prostate Amp 73 NUP214, DDB2, ARNT, DDIT3, TSC2, FGFR3, SDHC, PDGFRB, STK11, NSD1, 0.117
ZNF384, NCOA2, ASPSCR1, HRAS, MLLTT1, MYC, BRAF, CBFA2T3
(372) Del 17 PTEN, FOX03 0.230
Glioma Amp 168 HOXC13, FGFR3, PDGFRB, FANCA, ASPSCR1, CCND1, CDK4, FOXO1, EGFR, CHIC2, 0.458
MYCN, STK11, CRTCI1, RECQL4, PAX5, NOTCH1
(372) Del 130 PTEN, NUP98, SFPQ, ATF1, PPARG, CREBBP, TET1, ATM, CDKNZ2A, TFRC, ERCT 0.276
Medulloblastoma Amp 161 HOXC13, FEV, PDGFRB, CCND1, MYC, NTRK3, MYCN, PDGFRA, LMO1, HIP1, BRAF, PAXS 0.824
(369) Del 61 PTEN, RHOH, DDX10, WT1, GAS7, ETV4, TFRC, ERCI 0.082
Colorectal Amp 105 ABL2, SEPT5, CDX2, PBX1, FANCA, CCND1, NTRK3, FLT3, FLT4 0.493
(336) Del 103 EP300, BRCA2, RHOH, ATF1, AFF4, TET1, MYCL1, ATM, SMAD4, CDKNZ2A, TFRC, 0.034
ERCT1, TRIPT1
Ovarian Amp 40 FGFR3, PATZ1, CEBPA 0.780
(336) Del 24 PTEN, RB1, TCF3, CDKN2A, RAD51L1 0.038
MPD Amp 29 PDGFRB, FANCA, ASPSCR1, CDK4, FLT4, NCOA4 0.980
(283) Del 52 IRF4, BTG1, TSC2, RB1, FANCA, BCL7A, PAX5, ERC1, CBFA2T3 0.062
Neuroblastoma Amp 44 FEV, ALK, FGFR3, CCND1, MYCN, NOTCH1, CBFA2T3 0.811
(257) Del 21 N/A 1.000
Melanoma Amp 66 EP300, EXT2, SMO, SEPTS5, TPM3, CDH1, HIP1, BRAF, PAXS5, PMS2 0.440
(214) Del 19 PTEN, CDKN2A 0.113
Renal Amp 44 LPP, RECQL4, ERCC2 0.956
(209) Del 20 ETV4, CDKN2A 0.230
Cervical Amp 52 HOXC13, HOXAT3, EGFR, HOXA9, HOXAT1 0.520
(130) Del 165 NUP214, BMPR1A, COL1A1, DDB2, TSC2, ZNF384, PRKARTA, IL21R, TAL2, SH3GL1, 0.704
NUP98, RARA, CEP110, ABL1, HIPT, BRAF
Sarcoma Amp 35 SMARCB1, MYC 0.802
(127) Del 17 PTEN, ATM, CDKN2A 0.139
Hepatocellular Amp 43 PRKARTA, NR4A3 0.838
(118) Del 30 TSC2, ETV4, FGFRTOP, TCF3, MLLT4 0.839
Esophageal Amp 52 FGFR1, WHSCIL1, ELL, MYC, EGFR, FCRL4, CRTC1 0.145
(104) Del 25 CDKN2A 0.594

Nineteen tumor types are shown with the sample size in parentheses. The cancer consensus genes in each tumor type-specific amplification (Amp) and
deletion (Del) peak are shown in order of significance of the corresponding peaks (the number of peaks are separately shown). P-value is the significance

of observing no less than the number of target genes by Fisher’s exact test.

gestive of functionally coordinated genomic alterations in the
corresponding tumor types (Cooper et al. 2007). Tumor type-
specific deletions of many tumor types (11 out of 19 tumor types
examined) were linked to cell cycle and kinase-related gene sets,
and they often share the enriched functions, especially for cell
cycle- and adhesion-related functions (Fig. 5B). Some functional
categories, such as genes encoding mitochondrial membrane com-
ponents (“mitochondrial” in cervical cancer), DNA repair enzyme
machineries (“transcription/DNA” in colorectal cancer) and metal-
loprotease (“enzyme/metabolism” in melanoma) highlight the rel-
atively unique functionality driven by the genomic deletion in the
corresponding tumor types.

Large-scale survey of genomic hallmark for chromothripsis

Chromothripsis refers to a genomic instability-generating phe-
nomenon in which tens to hundreds of chromosomal rearrange-
ments occur in a “one-off” cellular event (Stephens et al. 2011).

This has been observed so far in cancer cell lines and sarcomas
(Stephens et al. 2011), multiple myeloma (Magrangeas et al. 2011),
and colorectal cancers (Kloosterman et al. 2011). The proposed
mechanism for chromothripsis is a massive fragmentation of one
or a few chromosomes, followed by rejoining of the fragments
(Stephens et al. 2011). During this rearrangement, the fragments
can be lost or retained, which will appear as a series of copy
number losses and gains, respectively, along the chromosome. To
identify copy number changes associated with chromothripsis, we
developed a statistical method that measures the extent of struc-
tured oscillations in segmented copy ratios and the deviation from
the expected distribution of the segment sizes per chromosome
(see Methods and Supplemental Fig. S8). Using this method, we
performed a large-scale survey of chromothripsis in our compen-
dium and observed that 124 samples (1.5% out of 8227 samples)
may harbor genomic evidence of chromothripsis. We find that the
tumors of epithelial origins have a wide range of frequencies, with
prostate and lung cancers as the most and least frequent (5.6% and
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responsible for the enrichment are available in Supplemental Table S5.

1.1%, respectively) (Fig. 6A). The hematologic malignancies showed
lower frequencies compared to those of epithelial origin, with
multiple myeloma (1.9%) and leukemia (0.3%) as the most and
least frequent in this group. Among the 19 tumor types examined
(>100 supporting samples per tumor type), renal cell and hepato-
cellular carcinomas showed no evidence of chromothripsis. Initial
reports estimated the prevalence of chromothripsis to be 2%-3%
based on ~700 cancer cell lines (Stephens et al. 2011) and 1.7%
based on ~700 primary multiple myeloma cases (Magrangeas et al.
2011). The incidence of chromothripsis estimated in our data set
is largely consistent with these previous estimates. Our calcula-
tions show the prevalence to be 2.1% in cell lines (16 out of 748
cell line data) and 2.0% in multiple myeloma (eight out of 391
multiple myeloma cases).

We observed a number of examples in which localized chro-
mothripsis events involved known cancer-related genes. For ex-
ample, all of the three candidate neuroblastoma cases showing
chromothripsis in chromosome 2 have amplifications in MYCN
(Fig. 6B). Although the first case (GSM313805) showed a chromo-
some-wide chromothripsis that may be independent of the MYCN
amplification, the other two cases (GSM333824 and GSM314024)
have MYCN amplification that is embedded within the localized
chromothripsis events in chromosome 2. In addition, we observed
signatures of localized chromothripsis involving EGFR (chr7; pros-
tate cancer), PTEN (chr10; prostate cancer), and CCND1 (chrll;
esophageal cancer) (Fig. 6C).

Discussion

This study presents a meta-analysis of a compendium of copy
number profiles for more than 8000 human cancer genomes. Two
types of recurrent alterations, chromosomal arm-level and focal
MCRs, were analyzed separately across the entire data set and
within individual tumor types. Our results show that hierarchical
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Figure 5. Functional association map of tumor type-specific alterations. (A) The genes belonging to
tumor type-specific amplifications are shown as red nodes in a circular layout. (CRC) Colorectal cancer,
(HCC) hepatocellular carcinoma, and (RCC) renal cell carcinoma. Significantly enriched GO categories
are shown as nodes with different color schemes according to their functional annotations below. The
size of each node is proportional to the number of genes in the gene set. (B) The association map of
tumor type-specific deletions and their enriched GO categories is shown. GO categories associated with
more than one tumor type and those with single connections are shown in and out of the cancer node
circle, respectively. The full list of functional annotations and of individual GO categories and the genes

) ages (e.g., hematologic, epithelial, and
vj)\ neuroepithelial clusters) (Fig. 2B). Al-

fj\ though clustering of multiple tumor
(l types based on developmental lineages
:. was demonstrated using a large-scale tran-
‘ scriptome data set (Ramaswamy et al.
( 2001), our results are suggestive of a sub-
stantial embryological influence on the
pattern of large chromosomal alterations
that arises during development.

In a pairwise correlation analysis
between arm-level alterations, we ob-
served significant concordant pairs be-
tween small, gene-rich chromosomes.
The higher contact probability between
these chromosomes as measured in a
long-range interaction map (Lieberman-
Aiden et al. 2009) raises the intriguing
possibility that these chromosomes share
physical domains in the nucleus and
that this physical proximity may be re-
sponsible for the observed copy number
changes. Some of the discordant pairs
(gain-loss) appear to be examples of func-
tional synergism between known gene
targets, e.g., gain of 7p and loss of 10q associated with potential
EGFR gain and PTEN loss (marked by a dotted arrow in Fig. 3B;
von Deimling et al. 1992). However, we also observed clusters of
discordant pairs between gene-rich and gene-poor chromosomes.
Although speculative, one hypothesis is that the gain of a driver
alteration in a gene-rich chromosome is followed by dosage-
compensating losses of gene-poor chromosomes, or vice versa.
Restoration of copy number states by the original allele may
be preferred (e.g., copy number-neutral loss of heterozygosity)
(Makishima and Maciejewski 2011), but gene-poor chromosomes
may be substituted in order to minimize the perturbation of essen-
tial genes. Biological significance of these concordant/discordant
pairs of chromosomal changes needs to be investigated further,
as previously explored for glioblastoma and hematologic malig-
nancies (Bredel et al. 2009; Klijn et al. 2010).

MCRs identified from the entire data set (pan-lineage MCRs)
showed a significant enrichment for known cancer-related genes
as well as with genomic loci encoding kinases (amplification) and
cell-cycle/apoptosis-related molecules (deletion). This suggests that
a selective advantage during clonal evolution of tumor cells can
be largely derived from common genomic alterations. We also
observed that “microtubule” and “transporter” (in amplification
MCRs) along with “cell junction” and “metabolism” (in deletion
MCRs) are overrepresented GO categories in pan-lineage MCRs.
The enrichment of these molecular functions remained significant
after removal of recurrent alterations containing known targets
(i.e., cancer consensus genes). Microtubules constituting the mi-
totic spindle in dividing cells have been major targets of chemo-
therapeutic agents such as taxane (Dumontet and Jordan 2010).
The role of genomic dosage imbalances in microtubule-encoding
genes is less well-established in tumorigenesis; however, point
mutations have been shown to influence the drug susceptibility to
microtubule-binding agents (Giannakakou et al. 1997; Kavallaris
et al. 2001). Further investigation is needed to evaluate the re-
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cell lines is not substantial for most tumor
types, some with a higher proportion of
cell lines (e.g., 76% in melanoma) may
require caution when interpreting the
segmentation results.

Identification of driver alterations
can be confounded by several genomic
and technical factors. For example, we ob-
served that five pan-lineage MCRs over-
lapped with known fragile sites (Bignell
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Figure 6. The prevalence of chromothripsis and examples of local chromothripsis involving known
cancer genes. (A) The prevalence of chromothripsis measured across different tumor types is shown with
95% confidence intervals. The number of samples showing genomic evidence of chromothripsis is
shown in parentheses with the total sample number associated with the tumor type. A dashed line
indicates the average frequency across the entire data set. (B) Three neuroblastoma cases with evidence
of chromothripsis on chromosome 2 are shown. Arrows indicate the MYCN locus, and insets show
a more detailed pattern of copy number changes around the locus. (C) Three examples of local chro-
mothripsis involving known cancer genes of EGFR, PTEN, and CCNDT1 loci are shown, with the log; ratios

at the cancer gene loci in parentheses.

lationship between copy number and the functional status of
these genes, as well as their potential utility as biomarkers in
monitoring the efficacy of microbutule binding agents. “Cell
junction/adhesion” was another enriched function associated
with universal deletion. These genomic alterations can lead to dys-
function in cell-to-cell integrity, which has been associated with
tumorigenesis, especially in the context of invasion and metastasis
(Martin and Jiang 2009; Escudero-Esparza et al. 2011).

Our analysis includes the copy number profiles from cancer
cell lines that comprise ~10% of the total (n = 748). In spite of the
technical advantages of cell lines (e.g., free from normal cell con-
tamination), cell lines may harbor passenger alterations acquired
during in vitro culture. Consistent with this, we observed a higher
number of alterations in cancer cell lines compared to primary
samples (Supplemental Fig. S9). Although the overall fraction of

EGFR (log2 = 0.165)

L et |

GSM525766 (prostate cancer), chr10
PTEN (log2 = -1.82)

GSM503502 (esophageal cancer), chr11
CCND1 (log2 = 2.81)

et al. 2010). These recurrent alterations
may have arisen due to increased local
mutational rates rather than as driver
alterations with selective advantages. It
is also important to filter germline al-
terations. Although we removed known
CNVs from the HapMap population
(Redon et al. 2006; McCarroll et al. 2008)
in the peak-calling step of GISTIC, patient-
specific germline alterations, especially
those shared by many samples, may be
mistakenly called as MCRs. To compare
the performance of our strategy with that
using matched normal controls, we col-
lected Affymetrix SNP6.0 genotype data
for two cancer types from The Cancer
Genome Atlas (TCGA) for which paired
T100(Mb) blood DNA was also profiled: 377 glio-
blastoma multiforme (GBM) and 514 se-
rous ovarian cancer pairs (OV) (The Cancer
Genome Atlas Research Network 2008,
2011). Using the HapMap reference pro-
duced more segments (246 and 279 per
sample for GBM and OV, respectively)
compared to using matched normal con-
trols (141 and 207 for GBM and OV, re-
spectively). The comparison of genomic
peaks showed only moderate concor-
dance (67%/56% and 73%/60% of the
amplification/deletion peaks have over-
laps for GBM and OV data, respectively)
(Supplemental Fig. S10). This indicates
that, not surprisingly, not having the
matched control may lead to spurious
peaks that may correspond to germline
CNVs and that filtering based on the
HapMap population is incomplete. Al-
though the ideal strategy is to use the normal reference DNA from
the same individuals as controls, such samples may not be avail-
able and, if available, doubles the cost of experiments. A practical
solution is to use a public database of germline alterations, as we
have done in our analysis.

In the case of tumor type-specific alterations, we have re-
covered some of the well-established lineage-specific genes such as
MITF in melanoma (Garraway et al. 2005). Current understanding
of the tumor type-specific or context-dependent oncogenic roles
of known cancer genes is limited. Nevertheless, we expect that
the tumor type-specific alterations and their associated functional
categories observed in our study can serve as a resource in priori-
tizing candidates for potential biomarkers. For example, our anal-
ysis revealed that colorectal cancers show frequent deletions of
multiple DNA repair enzyme-associated loci such as REVI (2q11),
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SUMO1 (2933), RADS0 (5q31), GTF2H1 (11p15), RADS2 (12p13),
BRCAZ2 (13q13), ATXN3 (14932), RAD51C (17g22), and XRCCé6
(22q13) (Supplemental Table S5). DNA repair enzymes have been
suggested as potential selective targets in cancer treatments, and
the activity of these enzymes has been frequently associated with
drug resistance to conventional platinum-based chemotherapy
(Kelley and Fishel 2008). Although the relationship between the
genomic imbalances and the functional status of these genes has
not been well-described, our results suggest that the colorectal
cancers have frequent deletions involving these multiple loci with
functional consequences.

A well-known translocation event, TMPRSS2-ERG gene fusion
in prostate cancer (known to occur in about half of the primary
cases) (Kumar-Sinha et al. 2008), was recognized in our data set
in that TMPRSS2 and ERG were associated with prostate cancer-
specific deletions in a highly concordant manner (P=9.1 X 1072%)
(Supplemental Fig. S7). It has been proposed that the chromo-
somal translocation events, especially those accompanying geno-
mic imbalances, have unique copy number signatures (Wang et al.
2009), and some of them can be identified from copy number
profiles (Ritz et al. 2011). These results suggest that a large-scale
copy number database may serve as a potential source in search
of chromosomal copy number changes associated with trans-
location events.

Our large database enabled a survey of the low-prevalence
genomic event called chromothripsis, and our estimates of the
incidence rates are largely consistent with the current literature
(Magrangeas et al. 2011; Stephens et al. 2011), despite the variable
power for detection among platforms (Supplemental Fig. S11).
It was reported (Stephens et al. 2011) that the frequency of chro-
mothripsis could be exceptionally high in some specific tumor
types (e.g., ~33% for osteosarcoma). However, in our data set, the
evidence of chromothripsis was present in only one of 127 sar-
coma genomes (differentiated liposarcoma; GSM486220) and in
none of the seven osteosarcoma cases. Therefore, additional
samples are needed to obtain confident estimates for some tumor
types.

We observed examples of local chromothripsis involving
known cancer genes such as MYCN, EGFR, PTEN, and CCNDI,
suggesting that chromothripsis falls within the general spectrum
of DNA alterations affecting cancer-relevant genes. The more ac-
curate method for examining chromothripsis is using paired-end
information from whole-genome sequencing to reconstruct the
event, but the cost for high-coverage sequencing is still high. For
now, our statistical method using the large number of accumu-
lated array-based copy number profiles is valuable in estimating
the prevalence and unique nature of chromothripsis.

A unique pattern of copy number changes has been previ-
ously reported (Hicks et al. 2006; Russnes et al. 2010), but it should
be noted that these observations do not necessarily relate to
chromothripsis. For example, Hicks et al. reported a phenomenon
called “firestorm” to describe chromosomes with multiple closely
spaced amplicons (Hicks et al. 2006), estimating that they occur
in ~25% of the cases. In our data, we find that the fast oscillation
between copy number states is not restricted to amplicons, with
the confident cases involving only deletions (Fig. 6C). The fre-
quency of the chromothripsis events we detect based on this is
much rarer (1%-5%). Russnes et al. introduced an index called
CAAI (complex arm aberration index) for copy number profiles
(Russnes et al. 2010) to measure the local complexity of CNV re-
gions. However, this does not measure an oscillating pattern in-
dicative of chromothripsis and their examples of chromosomes

with high CAAI had little evidence of an alternating pattern in the
copy number.

While we have assembled a large compendium of array-CGH
profiles, not all subtypes are present for each tumor type, and data
for some tumors are gathered from only one or two studies. Thus,
the interpretation of some tumor type-specific results should be
tempered until verified using additional data sets. Importantly,
although researchers are encouraged to make their data and
metadata available in public databases once published, the cur-
rently available data sets represent only a fraction of the profiles
generated by the community. An increase in the data deposition
rate into public databases would facilitate meta-analyses such as
this one as well as reanalyses for confirming specific hypotheses,
and this would be critical for making efficient use of limited re-
sources for cancer research. Another caveat related to our study is
that this analysis only focused on copy number profiles, whereas
known oncogenes or tumor suppressor genes can be activated or
inhibited by several alternative mechanisms (Chin et al. 2011).
Thus, integrative, multidimensional analysis using different geno-
mic data types will be critical. The potential of such analysis was
recently demonstrated, for example, in identifying novel cancer
genes (Akavia et al. 2010) and cancer classification (Kim et al. 2011).
The use of additional data sources (e.g., mRNA and microRNA ex-
pression, somatic mutation, and promoter methylation), especially
from large-scale cancer genome projects such as the TCGA con-
sortium, will enable these integrative, multidimensional analyses
(The Cancer Genome Atlas Research Network 2008, 2011).

Methods

Compendium of human cancer genome copy number profiles

We collected human cancer array-CGH data sets from a public
microarray database (GEO; http://www.ncbi.nlm.nih.gov/geo/)
(Barrett et al. 2009). We limited our analysis to studies using high-
resolution, array-CGH platforms containing more than 100K oli-
gonucleotide probes from two commercial vendors (Agilent and
Affymetrix). For the Agilent platform, we used the GEO platform
ID of GPL4091 and GPL9128 (both 244K probes). For the Affymetrix
platform, we used GPL2004/2005 (100K probes), GPL3718/3720
(500K probes), and GPL6801 (Affymetrix SNP6.0; 1.8 million
probes). For the 100K Affymetrix platform, we only used the paired
data (i.e., a sample is profiled by both GPL2004/50K-HindIII and
GPL2005/50K-Xbal to achieve 100K resolution). For the 500K
platforms (GPL3718/250K-Nspl and GPL3720/250K-Styl), we in-
cluded samples genotyped either by GPL3718 or GPL3720 and
designated them as “Affymetrix 250K.” For five platforms (Agilent
244K and Affymetrix 100K, 250K, 500K, and SNP6.0), we collected
a total of 107 GEO studies. The GEO accession of 107 studies and
related information is available in Supplemental Table S1. In this
study, we only collected the genomic profiles corresponding to
tumor genomes, removing control profiles. We also searched for
duplicate samples (most of which are dye-swap cases) or samples
that were included in multiple GEO data sets. Although we have
done our best, these are sometimes difficult to identify, and it is still
possible that our data set contains biological or technical dupli-
cates across different data sets. Detailed information for the final
8227 tumor samples is available in Supplemental Table S2.

Data processing and segmentation

For Agilent platforms, we downloaded the probe-level log, ratio
profiles of individual samples from the GEO database. For the
Affymetrix platform, we used the CRMA algorithm (Bengtsson

224 Genome Research
www.genome.org


http://www.ncbi.nlm.nih.gov/geo/
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on May 15, 2026 . Published by Cold Spring Harbor Laboratory Press

Large-scale analysis of human cancer genomes

et al. 2009) for probe summarization and normalization to obtain
probe-level intensity values from individual CEL files. We also
processed the normal HapMap population CEL files (available in
http://www.affymetrix.com). The average intensity values of the
HapMap population were calculated for individual probes and used
as a reference to calculate tumor/reference log, ratios. We ensured
that the genomic coordinates used in this study are hg18/build 36
using UCSC Genome Browser liftover tools (Fujita et al. 2011).
Segmentation was performed using the Circular Binary Segmenta-
tion (CBS) algorithm available as an R package (Olshen et al. 2004).
The segment values were median-centered by extracting the
median of autosomal segment values per sample. For each study,
we calculated MAD (median absolute deviation) for the 50th per-
centile of autosomal segments whose absolute log, ratios were
close to zero and rescaled the segment values of the samples in the
corresponding study. The resulting segment values were further
rescaled so that the standard deviation of autosomal segment
values of the entire data set was equal to one. We verified that our
preprocessing step of median-centering does not impact the anal-
ysis results by comparing the results obtained with and without the
matched controls samples in the GBM and OV TCGA data sets (data
not shown). However, for cancer types with a substantial fraction
of the genome altered, it is conceivable that median-centering
can cause a slight bias in segmentation calls. The processed seg-
mentation profiles and associated analysis files are available at
http://compbio.med.harvard.edu/metaCGH/.

Analysis of chromosomal arm-level alterations

We defined alterations as segments with a predefined threshold
for the rescaled segment values (>+0.2 and <—0.2 for copy num-
ber gain and loss, respectively). In this study, we defined chro-
mosomal arm-level alterations as a single alteration or an aggregate
of alterations that exceeds half of the size of the corresponding
chromosomal arm. To take into account the background arm-
level alteration frequency, we converted the arm-level alteration
frequency into size-adjusted Z scores as described previously
(Beroukhim et al. 2010). The expected frequency of gain and loss
was determined by linear regression, and the Z score was calculated
using the normal approximation to the binomial distribution.
For hierarchical clustering, tumor type-specific arm-level alteration
frequencies were calculated as arm-level gain minus arm-level loss
frequencies for 19 tumor types supported by more than 100 sam-
ples per tumor type. Hierarchical clustering was performed using
1 — Pearson correlation as the distance with average linkage. In
concordance analysis, four possible co-occurrence scenarios be-
tween arm-level alterations were separated into concordant (gain/
gain and loss/loss) and discordant pairs (gain/loss and loss/gain).
The significance of gain/gain co-occurrence between two chro-
mosomal arms of A and B was calculated using Fisher’s exact test:

! () ()
50
Ny

where nyg, n4, ng, and N represent the number of samples showing
gain for both chromosomal arms of A and B (n1,45), chromosomal
arm A (n4) and B (np), and the total number of samples (N), re-
spectively. To account for multiple test adjustment, we permuted
the calls of arm-level alterations in each sample across the entire
data set. For each permuted data set, we calculated the significance
of co-occurrence for all possible chromosomal arm pairs to find the
minimal P-value. This permutation was repeated 10,000 times
separately for gain-gain, loss-loss, and gain-loss pairs. The empiri-
cal P-value for each arm-level alteration pair was computed as the

P=1-

proportion of permutations whose minimum P-value is smaller
than the observed P-value of the corresponding alteration pair.

Pan-lineage alterations and functional analysis

To identify MCR, we used the peak-calling algorithm of GISTIC
(Beroukhim et al. 2007). The algorithm calculates the probe-level
sum of log, ratios above or below a given threshold (amplification
and deletion, separately) across the samples. Then, the algorithm
determines significantly altered regions as sets of consecutive
probes with a predefined significance threshold (Q < 0.25). From
significantly altered regions, it identifies the highest scoring peak
corresponding to the MCR. Because the peak or MCR can be dis-
placed from true targets due to neighboring passenger events or
noise (Beroukhim et al. 2007), we allowed for 100 kb of confidence
intervals at both flanking regions of the identified peak. To sup-
press the known germline alterations of the HapMap population,
we filtered probes corresponding to 2333 autosomal HapMap
CNVs obtained from two previous studies using Affymetrix SO0K
Early Access and SNP6.0 platforms (Redon et al. 2006; McCarroll
et al. 2008). For known cancer-related genes, we used 264 auto-
somal cancer consensus genes available in the literature (Futreal
et al. 2004). The significance of enrichment of 165 pan-lineage
MCRs with known cancer-related genes was calculated by
Fisher’s exact test. We also selected 421 and 156 genes associated
with pan-lineage amplification and deletion MCRs, respectively,
and measured the enrichment with GO functional categories
(http://www.broadinstitute.org/gsea/msigdb/index.jsp; ¢5 GO cat-
egories) (Subramanian et al. 2005). The significance of enrichment
was calculated by Fisher’s exact test and corrected for multiple hy-
pothesis testing using the Benjamini-Hochberg false discovery
method. Thirty-seven common fragile regions were obtained
elsewhere (Bignell et al. 2010). We also downloaded a list of hg18-
compatible CNVs from a public database (variation.hg18.v10.nov.
2010; http://projects.tcag.ca/variation/). A total of 57,706 CNVs were
collected from 17 studies (>1000 CNVs per study), and regional CNV
density was calculated for each pan-lineage MCR.

Removal of platform-specific biases

We employed a linear mixed effect model to remove the potential
platform biases. A natural idea is to model the intensity value of
each probe in the platforms to adjust for the local bias. However,
as probe sets are different across platforms, a probe in one plat-
form may not exist in another platform. We will thus have many
missing values for these platform-specific probes. A solution to this
“missing-value problem” is to use intensity values of the nearby
probes, but this will require determining the size of the neighbor-
hood of the probe, and this choice may have an important influence
on the model fitting and bias removal. In this paper, we choose to
perform the bias removal based on the segmentation data. Suppose
that N samples were profiled on L platforms, and each sample has
been processed with a segmentation algorithm. For clarity, we only
consider segmentations for one chromosome in the discussion. The
segmentation of one sample will correspond to one set of break-
points. Collect the breakpoints of all samples and denote the
breakpoints as by <by < ---<bg. Given the kth interval (bx,by.1)
(k=1,---,B—1) and the ith sample profiled on the Ith platform
(call this sample S;;;i=1,---,n;l=1,-- -L;Zleln, = N), there will
be a unique segment from the segmentation of the sample §;;
overlapping with the interval (bg,bk.1). Denote the “segmean”
value (i.e., the mean of probe intensity values in the corresponding
segment) of this segment as y; ;.. We fit a linear mixed effect model
with y;,, as the response variable and the platform as a random
effect. Since the tumor type may be an important factor influencing
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the values of y;,,, we also include the tumor type as a predictor
(fixed effect) in the model. Assume that there are T types of tu-
mors. Given a sample S, let X;; = (X},,---, X}, ") € R"! be the
vector such that X}, = 1 if the sample S;; belongs to the tth tumor
type (t=1,---,T — 1) and O for all the other t. Then, we have the
following linear mixed effect model:

Vitk = ok + BiXiy + by + €irx
by ~N(0,7%),I=1,---L

ek ~N(0,0%),

where b corresponds to the random platform effect, By is the
fixed tumor type effect, and ag is the intercept coefficient in the
linear model. For each k, we then can use the restricted maximum
likelihood estimation (RMLE) to estimate the parameters in the
above model. In particular, we can get an estimate bl‘k of b;x. From
this estimate, we can get the platform effect-corrected value
Vilk = Viix —bik. Given a segment I in the segmentation of the
sample §;;, suppose that it overlaps with m intervals like (b, by1).
Assume that these intervals are the ky, - - - , k;,th intervals and that
Wiy, -+, Wk, is the corresponding overlapping length with the
segment I. We use ' Wy, Vi, /Yy Wk, as the platform effect-
corrected intensity value for the segment I of the sample S;;.

Lineage- or tumor type-specific alterations and functional
association map

GISTIC-based peak calling was performed for individual tumor
type-specific subsets (19 tumor types supported by more than 100
samples). The extent of enrichment with cancer consensus genes
and GO functional categories was calculated using Fisher’s exact
test. For the functional association map, we collected the GO cat-
egories that showed substantial enrichment (adjusted Fisher’s ex-
act test P < 0.3) with any of the tumor type-specific alterations. In
the network, nodes are sets of genes belonging to tumor type-
specific alterations or selected GO categories. The edges are sig-
nificant gene overlaps between them. An association map was
separately generated for tumor type-specific amplifications de-
letions. We used Cytoscape software for network visualization
(Shannon et al. 2003).

Chromothripsis

To identify the genomic signatures representing chromothripsis,
we focused on chromosomes with at least 10 alterations. Further-
more, the breakpoints in chromothripsis should occur randomly
(Stephens et al. 2011). Thus, the sizes of neighboring segments in a
chrompthripsis region should be roughly the same or at least at the
same order of magnitude. If the sizes of neighboring segments are
very different from each other, we would expect that those are not
from chromothripsis. Therefore, we designed a score to measure
the “extremeness” of the neighboring segments in a copy number
profile. Suppose that a chromosome has n segments and their
corresponding sizes are si,Sz,-- -, Sp. If the sizes of the segments
iandi+ 1 are very different, we would have that R; = [log2(s;/si+1)|
is large. The median R of the R;’s would be a good measure of the
extremeness of the neighboring segments. To account for the
number of segments in a copy number profile, we normalized
the score R by its expected value Re under the hypothesis that the
breakpoints are randomly distributed in the chromosome, i.e., we
use S = R/R. as the score. We used S = 2.0 to filter out the profiles
that are unlikely to be involved with chromothripsis. If one

chromosome of a sample involves chromothripsis, we would
expect to see an alternating pattern of the copy ratio (log, copy
ratio) estimates. If we view each segment in the copy number
profile as a point and plot the log, copy ratio estimates, the al-
ternating copy number states will appear as many peaks and
valleys that correspond to copy number gains and losses, re-
spectively. The peak and valley count can then be used as a mea-
surement of the alternating pattern. Given a copy number profile
of a chromosome, if chromothripsis occurs, its peak and valley
count would be significantly higher than expected. We measure
the significance with a permutation test. In detail, we randomly
permute the order of the segments and count the peaks and
valleys in the permuted profile. The permutation is performed
100,000 times, and a P-value is assigned as the proportion of the
permutations whose peak and valley counts are greater than or
equal to the observed peak and valley count. Because the peak
and valley counts as well as the significant calls of chromothripsis
will be dependent on the segmentation, we also segmented the
copy number profiles using the GLAD algorithm (Hupe et al.
2004). Confident calls of chromothripsis were identified as
chromosomes showing significant (FDR <0.1) fluctuation in both
of the CBS and GLAD segmentation profiles. We observed a total
of 209 chromothripsis events in 124 tumor samples. The chro-
mosomal profiles of 209 significant events are available at http://
compbio.med.harvard.edu/metaCGHj/.
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