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Patterns of gene expression in tumors can arise as a consequence of or result in genomic instability, characterized by the

accumulation of somatic copy number alterations (SCNAs) and point mutations (PMs). Expression signatures have been

widely used as markers for genomic instability, and both SCNAs and PMs could be thought to associate with distinct sig-

natures given their different formation mechanisms. Here we test this notion by systematically investigating SCNA, PM, and

transcriptome data from 2660 cancer patients representing 11 tumor types. Notably, our data indicate that similar expres-

sion signatures can be derived from correlating gene expression with either SCNA or PM load. Gene sets related to cell

growth and proliferation generally associated positively, and immunoregulatory gene sets negatively, with variant burden.

In-depth analyses revealed several genes whose de-regulation correlates with SCNAbut not with PM burden, yielding down-

stream effectors of TP53 andMYC signaling unique to high-SCNA tumors. We compared our findings to expression changes

observed in two different cancer mouse models with persistent mitotic chromosomal instability, observing a decrease in

proliferative expression signatures. Our results suggest that overexpression of cell-cycle–related genes are a characteristic

of proliferation, and likely tumor evolution, rather than ongoing genomic instability.

[Supplemental material is available for this article.]

Genomic instability, defined as an elevated rate in the accumula-
tion of somatic genetic variants, is one of the most distinguishing
characteristics between tumor and normal tissue. By facilitating
clonal diversification, genomic instability is considered an en-
abling trait impacting other hallmarks of cancer (Hanahan and
Weinberg 2011). Somatic variants comprise point mutations
(PMs) and somatic copy number alterations (SCNAs), the latter
of which encompass segmental or whole-chromosome aneuploi-
dies (Negrini et al. 2010). PMs and SCNAs arise via differentmolec-
ular processes, impose distinct stresses upon the cell, and,
depending on the context, can complementarily contribute to
cancer development by activating or inactivating cancer-associat-
ed genes (Kandoth et al. 2013; Zack et al. 2013). PMs can emerge
from errors during the procession of DNA polymerases during
DNA replication in S phase and fromDNAmismatch repair defects
(Alexandrov et al. 2013; Helleday et al. 2014). On the other hand,
diverse events can lead to SCNAs, including inappropriately re-
paired double-strand breaks, replication fork stalling, and template
switching, as well as errors in chromosome segregation (Branzei
and Foiani 2010; Schvartzman et al. 2010; Janssen et al. 2011;
Burrell et al. 2013; Yang et al. 2013; Bakhoum et al. 2014).
Chromosome instability (CIN) is a term describing a high rate of
SCNA formation. While chromosomal gains can by themselves
destabilize the genome (Sheltzer et al. 2011; Passerini et al.
2016), it has been proposed that highly aneuploid tumors can
also reacquire a high degree of genomic stability (Sheltzer 2013).

SCNAs exert specific as well as global effects on gene expres-
sion (Sheltzer et al. 2012; Stingele et al. 2012; Durrbaum et al.
2014). For instance, oncogenes such as MYC or PIK3CA are often
focally amplified in cancer (Zack et al. 2013). On the other hand,
single chromosome gains mediate widespread effects on expres-
sion, which depending on context may lead to fitness disadvan-
tages or advantages (Williams et al. 2008; Sheltzer et al. 2012;
Stingele et al. 2012; Durrbaum et al. 2014). Modeling whole chro-
mosome aneuploidies in yeast, plant, and mammalian cells has
shown that stoichiometric imbalances of proteins emanating
from additional chromosomal material can result in proteotoxic
stress and decreased proliferation (Torres et al. 2010; Tang et al.
2011; Oromendia et al. 2012; Stingele et al. 2012; Donnelly et al.
2014; Santaguida and Amon 2015; Santaguida et al. 2015). Lines
of research acrossmultiple species (bothmulticellular andmicrobi-
al) have underscored that aneuploidy, though immediately disad-
vantageous, can be beneficial under circumstances of selection
(Selmecki et al. 2006, 2015; Rancati et al. 2008; Rowald et al.
2016). Thus, while CIN can promote cancer evolution, too much
instability may compromise cell population maintenance or ex-
pansion (Sotillo et al. 2010; Lee et al. 2011; Silk et al. 2013;
Kuznetsova et al. 2015; Selmecki et al. 2015; Rowald et al. 2016).

Given its relevance for cancer development, ample research
has focused on identifying key determinants of genomic instabil-
ity. Defects in DNA mismatch repair genes as well as POLE muta-
tions, for example, exacerbate errors during DNA replication and

5Present address: BioMed X Innovation Center, Heidelberg 69120,
Germany
Corresponding authors: mardin@embl.de, korbel@embl.de
Article published online before print. Article, supplemental material, and publi-
cation date are at http://www.genome.org/cgi/doi/10.1101/gr.212225.116.

© 2017 Buccitelli et al. This article is distributed exclusively by Cold Spring
Harbor Laboratory Press for the first six months after the full-issue publication
date (see http://genome.cshlp.org/site/misc/terms.xhtml). After six months, it
is available under a Creative Commons License (Attribution-NonCommercial
4.0 International), as described at http://creativecommons.org/licenses/
by-nc/4.0/.

Research

27:501–511 Published by Cold Spring Harbor Laboratory Press; ISSN 1088-9051/17; www.genome.org Genome Research 501
www.genome.org

mailto:mardin@embl.de
mailto:mardin@embl.de
mailto:korbel@embl.de
mailto:korbel@embl.de
http://www.genome.org/cgi/doi/10.1101/gr.212225.116
http://www.genome.org/cgi/doi/10.1101/gr.212225.116
http://genome.cshlp.org/site/misc/terms.xhtml
http://genome.cshlp.org/site/misc/terms.xhtml
http://genome.cshlp.org/site/misc/terms.xhtml
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://genome.cshlp.org/site/misc/terms.xhtml


dramatically heighten PM burdens (Liu et al. 1995; The Cancer
Genome Atlas Network 2012; The Cancer Genome Atlas
Research Network et al. 2013; Palles et al. 2013; Shlien et al.
2015). The causative factors behind CIN and the origin of
SCNAs, however, are not as clearly defined yet. To identify genes
that may result in or cooperate with CIN, several studies have in-
vestigated correlations between gene expression and the degree
to which a cancer genome is affected by SCNAs (Carter et al.
2006; Endesfelder et al. 2014; Fehrmann et al. 2015). Originally
proposed as a signature up-regulated inCIN tumors, theCIN70 sig-
nature comprises numerous cell cycle genes (Carter et al. 2006). It
is tempting to assume that their appearance in the CIN70 impli-
cates these genes as directly involved in CIN. Indeed, when de-
regulated individually in experimental settings, many of these
genes have been reported to result in mitotic abnormalities
(Sotillo et al. 2007; Neumann et al. 2010; Nam and van Deursen
2014). However, experimental models have indicated that cell cy-
cle genes can also be down-regulated in the context of CIN and an-
euploidy (Torres et al. 2007; Williams et al. 2008; Sheltzer et al.
2012; Stingele et al. 2012; Sheltzer 2013; Durrbaum et al. 2014).
A more recent study also adopted a correlative approach using a
karyotypic index of numerical heterogeneity, defined as the degree
of cell-to-cell heterogeneity with regard to chromosome content,
as a predictor for CIN in human cell lines (Sheltzer 2013). This
study showed that cell cycle gene expression negatively correlates
with increased karyotype heterogeneity in cell lines. Based on the
hypothesis that the expression changes associated with primary
CIN are more akin to the stress response of single chromosome an-
euploidies, an alternative signature, the HET70, was hence pro-
posed to reflect clonal diversity and CIN (Sheltzer 2013).

While providing valuable initial insights into associations be-
tween signatures reflecting CIN, karyotype heterogeneity, and
gene expression, these studies did not investigate changes in
gene expression occurring in association with PM accumulation,
which in some cancers play a much more predominant role in tu-
morigenesis than SCNAs (The Cancer Genome Atlas Network
2012; The Cancer Genome Atlas Research Network et al. 2013;
Kim et al. 2013). Here, we investigated, across multiple cancer
types, gene expression signatures associated with the accumula-
tion of PMs and SCNAs and compared them to those previously re-
ported for CIN.

Results

Expression signatures associated with increasing SCNAs also

associate with PM accumulation

We investigated data from The Cancer Genome Atlas (TCGA) en-
compassing exonic PM, SCNA, and expression data from 11 tumor
types representing 2660 specimens (with matched SCNA and ex-
onic PM data) (Supplemental Fig. S1; summarized in Table 1;
The Cancer Genome Atlas Research Network et al. 2013; Zack
et al. 2013). We implemented two filtering steps. First, with the
aim of identifying expression changes corresponding to the global
state of a cancer genome, we corrected for dosage effects which
might bias the analysis toward genes affected by recurrent
SCNAs (see Methods; Supplemental Fig. S2A–C; Supplemental
Data 1). Second, given the varying numbers of samples for each tu-
mor type, we employed independent filtering, discarding the
genes with the least variance in their expression to minimize mul-
tiple testing penalties (Supplemental Fig. S2D).We then computed
Spearman’s correlation between each individual gene’s expression

and the total number of PMs and SCNAs per sample, respectively,
across all genes (Fig. 1A). A negative correlation for a gene indicates
that samples with high variant burden have lower expression of
that gene than samples with low variant burden. Conversely, pos-
itively correlating genes aremore highly expressed in variant-high
tumors as compared to variant-low tumors.

When comparing the resulting correlation coefficients, a
striking similarity for PMs and SCNAs became apparent (Fig. 1B;
Supplemental Data 1). In seven out of 11 cancer types, the expres-
sion ofmost genes correlated in the same directionwith either var-
iant burden, with the most strongly correlating genes often being
associated significantly both with PM and SCNA burden (false dis-
covery rate [FDR] < 5%). This included head and neck cancer
(HNSC), breast (BRCA) cancer, kidney clear cell carcinoma
(KIRC), lung adenocarcinoma (LUAD), lung squamous cell carci-
noma (LUSC), acutemyeloid leukemia (LAML), and bladder cancer
(BLCA)—cancer types that accumulate both SCNAs and PMs. For
colorectal carcinoma (COAD-READ), this pattern appeared re-
versed, with the expression of most genes correlating in the oppo-
site direction with either variant burden, whereas for endometrial
cancer (UCEC) there was no clear relationship between the pat-
terns seen for PM and SCNA burden (Fig. 1B). The remaining
two tumor types, glioblastoma (GBM) and ovarian cancer (OV),
showed only a few significantly correlating genes. These correla-
tion patterns were typically preserved even when we separated
SCNAs into two classes, as either focal or whole-chromosome
copy number alterations, and analyzed them separately
(Supplemental Fig. S2E,F).

A common proliferation signature correlates with somatic variant

burden

Next, we sought to further our analyses by identifying biological
pathways enriched for genes correlating positively or negatively
with SCNA or PM accumulation. To do so, we used two indepen-
dent approaches. First, we employed Gene Set Enrichment
Analysis (GSEA) (Subramanian et al. 2005) to determine which bi-
ological pathways were composed of genes the expression of
which was positively or negatively correlated with increased vari-
ant burden (Fig. 2A,B). Notably, pathways involved in cell cycle

Table 1. Summary of tumor-specific SCNA and exonic PM counts of
samples used in this study

Cancer
Sample
number

Median
SCNA

Median
PM

Spearman
correlation (PM
vs. SCNA burden)

BLCA 95 63 221 0.26
BRCA 742 54 39 0.56
COAD/READ 85 26 66 −0.24
GBM 138 29 70 0.15
HNSC 299 39 141 0.27
KIRC 400 9 62 0.18
LAML 166 1 12 0.18
LUAD 167 46 254 0.30
LUSC 177 57 293 0.35
OV 154 98 48 0.28
UCEC 237 4 71 −0.28

Abbreviations for cancer types: bladder carcinoma (BLCA), breast carci-
noma (BRCA), colon/rectal carcinoma (COAD-READ), glioblastoma
(GBM), head and neck squamous cell carcinoma (HNSC), renal carcino-
ma (KIRC), acute myeloid leukemia (LAML), lung adenocarcinoma
(LUAD), lung squamous cell carcinoma (LUSC), ovarian carcinoma (OV),
and uterine cervix endometrial carcinoma (UCEC).
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regulation and transcription were positively associated both with
SCNA and PM burden across cancer types, with cell-cycle–related
pathways being the most enriched pathway both for SCNAs and
PMs (Fig. 2B; Supplemental Data 2). Other pathways, though com-
parably affected by SCNA or PM burden, were differentially en-
riched depending on cancer type. For instance, translational
regulation tended to be negatively enriched in AML, OV, and
UCEC, yet positively enriched in HNSC, KIRC, and LUSC, possibly
reflecting alternative priorities in protein homeostasis depending
on the malignancy. Interferon γ signaling and other immune-re-
lated pathways negatively correlated with SCNA as well as PM bur-
den with the exception of COAD-READ and BLCA, where these
were positively associated with PM burden (normalized enrich-
ment score, NESCOAD-READ = 2.04, FDRGSEA < 10−6 and NESBLCA =
1.68, FDRGSEA = 0.0081) but negatively associated with SCNA bur-
den (NESCOAD-READ =−2.03, FDRGSEA < 10−6 and NESBLCA =−2.03,
FDRGSEA = 0.0002), respectively (Fig. 2B).

Second, we attempted to predict if specific transcriptional
programs were responsible for the observed correlation patterns.
Exploring the genes that were correlating highly with increased
SCNA or PM burdens, we noted that in many tumor types, master
transcriptional regulators responsible for the progression through
the cell cycle tended to be among the highest correlating genes
(e.g., E2F1 in BRCA, ρSCNA = 0.61) (Ren et al. 2002; Laoukili et al.
2005; Bieda et al. 2006). To complement the previous analysis,
we thus employed iRegulon (Janky et al. 2014), a framework
used to mine available transcription factor (TF) motif and ChIP-
seq data to infer potential transcriptional regulators of an input
set of genes.We selected the top 200 genesmost highly correlating
with SCNA or PM burden and predicted transcription factors po-
tentially regulating them.We found that, in both cases, themajor-
ity of genes are predicted to be regulated by TFs, including E2F1,
E2F4, TFDP1, FOXM1, and MYBL2, which are themselves highly
correlated with somatic variant burden in several tumor types

Figure 1. Comparative correlative analysis between gene expression, exonic PM burden, and SCNA burden. (A) Summary of correlation analysis work-
flow. (B) Gene-wise comparisons between SCNA burden (x-axis) and PM burden (y-axis). Shown are Spearman correlations across 11 tumor types from
TCGA. Tumor type: bladder carcinoma (BLCA), breast carcinoma (BRCA), colon/rectal carcinoma (COAD-READ), glioblastoma (GBM), head and neck
squamous cell carcinoma (HNSC), renal carcinoma (KIRC), acute myeloid leukemia (LAML), lung adenocarcinoma (LUAD), lung squamous cell carcinoma
(LUSC), ovarian carcinoma (OV), and uterine cervix endometrial carcinoma (UCEC). Gray: FDRPM > 5% and FDRSCNA > 5%; blue: FDRPM > 5% and FDRSCNA
< 5%; red: FDRPM < 5% and FDRSCNA > 5%; black: FDRPM < 5% and FDRSCNA < 5%. Representative correlation plots between variant burdens and expres-
sion shown in side panels. Colors represent specified FDR cutoffs (see legend). Representative examples of genes whose expression (RSEM, RNA-seq by
expectation maximization values) are positively (CDCA8) or negatively (CDKN1A) correlating with SCNA or PM burden are shown in the side panel.
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(Fig. 2C; Supplemental Data 3). These TFs are well known to
cooperate in regulating various phases of the cell cycle (Laoukili
et al. 2005; Sadasivam and DeCaprio 2013). This pattern was not
observed in all tumors andwas found predominantly among gyne-
cological and lung cancers. In contrast, few recurrently predicted
TFs were found to regulate the 200 lowest correlating genes
(Supplemental Fig. S3), though these included EP300 and
GATA3, both genes with previously described roles in tumor sup-
pression (Gayther et al. 2000; Kandoth et al. 2013). These results
indicate that cell-cycle–related pathways are typically up-regulated

in the context of either high PM and SCNA accumulation,
respectively.

Both SCNA and PM burden converge independently

on a common proliferation signature

Most tumor types analyzed here accumulate both PMs and SCNAs
throughout their evolution (Table 1). It is thus possible that simi-
larities between transcriptional signatures associatedwith PMs and
SCNAs are caused by their mutual co-occurrence. To exclude this

Figure 2. Pathway and transcriptional regulation prediction analyses of genes associated with PM and SCNA burden. (A) Examples of 2D gene set
enrichment analyses (GSEA). Genes from sample Reactome gene sets are superimposed on HNSC and LUSC correlation plots. (B) GSEA across 11 tumor
types. −log10-transformed FDRs are displayed on the y-axis with directionality denoting the direction of the enrichment. Colors denote tumor types de-
scribed in the legend. (Left panel) SCNA correlation enrichments. (Right panel) PM correlation enrichments. Dotted lines denote cutoffs corresponding to
FDRGSEA < 0.05. (C ) iRegulon transcription factor prediction of top 200 genes correlating with SCNA (left) or PM (right) burden. Per tumor type (rows),
transcription factors (columns) predicted to regulate a significant number (numberwithin tile) are shown. In cases where a transcription factor is predicted,
the correlation coefficient of that factor’s gene itself is denoted by the color (see legend).
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possibility, we focused on UCEC and COAD-READ tumors, where
PM and SCNA accumulation are nearlymutually exclusive (Muzny
et al. 2012; The Cancer Genome Atlas Network 2012; The Cancer
Genome Atlas Research Network 2013). For UCEC, we first classi-
fied tumors as either PM-low (<100 PMs) or SCNA-low (<15
SCNAs) (see Methods). Our stratification left us with two groups
of ∼100 samples each, within which tumors were relatively invari-
able for one variant type but highly variable for the other (Fig. 3A).
After separation of the tumor samples into two groups, we ana-
lyzed the correlation between expression and SCNA burden in
PM-low tumors aswell as PMburden in SCNA-low tumors.Wenot-
ed a remarkable similarity between both resulting correlation pat-
terns, with many genes correlating to a significant extent with
both SCNA as well as PM accumulation and similarities in gene
correlation becoming more apparent with stratification (for both
UCEC and COAD-READ) than without stratification (Fig. 3B;
Supplemental Fig. S3B; Supplemental Data 1). Again, the highest
and most mutually correlating genes were those involved in the
cell cycle, for example, E2F1 (ρSCNA = 0.63, ρPM = 0.57). We ob-
served similar results for COAD-READ (Supplemental Fig. S4A,B).
Reassuringly, GSEA analysis confirmed the results we obtained in
an unstratified setting for both tumor types, yielding a down-reg-
ulation in translational regulatory genes and up-regulation of
cell cycle/proliferation gene sets (Supplemental Fig. S4C;
Supplemental Data 2). These results support the notion that two
independent trajectories for tumorigenesis, namely PM or SCNA
accumulation, converge on the same gene expression signatures
associated with increased proliferation.

Next, we related our data to signatures of chromosome insta-
bility from two previous studies. Notably, the expression of
CIN70 genes (Carter et al. 2006), comprising mostly cell-cycle–re-
lated genes, positively correlated with both PM and SCNA burden
in stratified as well as unstratified COAD-READ and UCEC settings
(Supplemental Fig. S4D,E). The HET70 proposed to describe the re-
sponse associated with clonal heterogeneity and CIN in cell lines
(Sheltzer 2013) was not found to associate with SCNA burden
(NESCOAD-READ =−1.33, FDRGSEA = 0.343 and NESUCEC =−1.24,
FDRGSEA = 0.233). Collectively, these results indicate that prolifera-
tion-like signatures are not exclusive to tumors accumulating
SCNAs.

Genes uniquely correlating with SCNA burden reflect preceding

genetic events in cancer evolution

Having characterized the commonalities between SCNA and PM
burden correlations, we sought to use our approach to identify
genes correlating uniquely with SCNA burden. To this end, we
again took advantage of the tumor-type–specific analyses in
UCEC and COAD-READ, since in these tumor types there is no
positive relationship between PM and SCNA burden.We intersect-
ed genes that either negatively or positively correlated only with
SCNAs, defining a consensus “down” (N = 89) and “up” (N = 70)
gene set (Fig. 4A; Supplemental Data 3). Though no specific path-
way enrichments were noted byGSEA, iRegulon analysis predicted
the “down” gene set to be enriched for targets of a few transcrip-
tion factors, most notably TP53 (e.g., CDKN1A) and RFX5 (e.g.,
HLA-DMB and CCND1) (Fig. 4B; Supplemental Data 3). The “up”
gene set was enriched especially for targets of MYC but also
NFKB1, the latter having been previously implicated in the regula-
tion of senescence in response to DNA damage (Mercurio and
Manning 1999; Piret et al. 1999; Chien et al. 2011; Kang et al.
2015; Voce et al. 2015). Among genes predicted to be targeted by
both TFs wasHSF1, a key regulator of protein homeostasis and pre-
viously shown to help trisomic and tetrasomic cell lines cope with
aneuploidy (Santagata et al. 2013; Donnelly et al. 2014). These re-
sults are consistent with TP53 mutation and loss and MYC
amplification, these being common events seen in tumors with
complex karyotypes including UCEC and COAD-READ (The
Cancer Genome Atlas Network 2012; The Cancer Genome Atlas
Research Network 2013; Zack et al. 2013; Lawrence et al. 2014).

Cancer mouse models of CIN reveal a decrease in pro-

proliferative transcription

Interpretation of CIN in cancer genomes is complicated by the fact
that patient samples are usually collectedmany rounds of cell divi-
sion after SCNA generation. We therefore sought to analyze the
consequences on gene expression during forced CIN in solid tu-
mor model systems. To this end, we first compared two previously
published tetracycline-inducible breast cancermousemodels initi-
ated with mutant KrasG12D with or without coexpression of
Mad2l1 (Sotillo et al. 2010; Rowald et al. 2016), a regulatory com-

ponent of the spindle assembly check-
point, under the control of the MMTV
promoter (hereafter abbreviated as K,
for Kras, and KM, for Kras+Mad2l1, re-
spectively) (Sotillo et al. 2007, 2010).
Although both models show the same
spectra of recurrent SCNAs (e.g., loss of
Chromosome 4 and gain of Chromo-
some 2), tumor development andmitotic
phenotypes differ greatly between K and
KM. Whereas K tumors develop rapidly
and display few mitotic defects ex vivo,
tumors initiated under a KM background
lag in their progression owing to mitotic
defects early on and demonstrate persis-
tently high rates of mitotic errors and
hence CIN ex vivo (Rowald et al. 2016).
Accordingly, KM tumors in general ex-
hibit a higher burden of whole or partial
chromosome aneuploidies when com-
pared to the K tumor model (Rowald
et al. 2016).

Figure 3. Comparative correlative analysis of gene expression in tumors stratified by variant type. (A)
Endometrial cancers (UCEC) segregated based on low-SCNA (red) or low-PM (blue) burden. Insets show
sample composition of low-SCNA (left) and low-PM (right) tumors. (B) Comparison between SCNA bur-
den correlations in low-PM tumors (x-axis) and PM burden correlations in low-SCNA tumors (y-axis).
Gray: FDRPM > 5% and FDRSCNA > 5%; blue: FDRPM > 5% and FDRSCNA < 5%; red: FDRPM < 5% and
FDRSCNA > 5%; black: FDRPM < 5% and FDRSCNA < 5%. Lower right inset displays distribution of the un-
stratified UCEC correlation distribution.
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To investigate expression signatures, we performed RNA se-
quencing on K and KM tumors and employed DESeq2 to identify
genes differentially expressed between both tumor models. Only a
few genes were found to be differentially expressed between K
and KM tumors (FDR = 10%, twofold expression change) (see
Methods; Supplemental Fig. S5A; Supplemental Table 1).
Notably however, ranking fold changes of genes and performing
GSEA revealed a down-regulation of CIN70 signature genes (NES
=−3.17, FDRGSEA < 10−6) and other cell cycle-associated gene
sets, as well as gene sets associated with growth, including tran-
scription and translation (Fig. 5A–C). The HET70 (NES =−1.40,
FDRGSEA = 0.0283) and several cell stress-associated gene sets
were not found to be differentially enriched in KMversus K tumors
(or if so, were only weakly or negatively enriched) (Fig. 5B;
Supplemental Fig. S5B; Supplemental Data 2).

We performed immunofluorescence staining of six genes
from the HET70 signature in ex vivo cultures, which revealed sub-
populations of HET70 positive cells in both K and KM tumor ex-
plants (ranging from 0% to 30% per tumor). There were, on
average, less positively stained cells in explants from KM tumors
as compared to K tumors (P = 0.0164) (Supplemental Fig. S5C,D),
suggesting a down-regulation of these six HET70 genes in this
CIN breast tumor model and in agreement with our GSEA results.
To investigate nontranscriptional responses to stress in these tu-
mors, we further performed immunofluorescence staining of
LC3, an autophagy marker known to increase in expression in re-
sponse to aneuploidy (Santaguida et al. 2015). Specifically, LC3-la-
beled structures are reported to accumulate in aneuploid cells due
to the proteotoxic stress and aggregates elicited by aneuploidy.We
observed a slight trend (albeit not nominally significant) toward
an increased percentage of cells staining positively for LC3 in
KM versus K tumors (P = 0.0712) (Fig. 5D,E). Among positively
stained cells, total LC3 intensity in KM explants was higher
(P = 0.0434) (Fig. 5F), suggesting a higher proportion of cells expe-

riencing autophagic burden in KM versus K tumors. Despite the
slight increase in LC3 intensity betweenKMandK tumor explants,
this change was not reflected in transcriptional changes of genes
belonging to a previously reported TFEB-responsive signature
(Settembre and Ballabio 2011; Settembre et al. 2011; Santaguida
et al. 2015) associated with lysosomal stress and autophagy defects
in aneuploid cells (Supplemental Table 2).

Furthermore, interferon γ signaling (NES = 2.96, FDRGSEA <
10−6) and other immune response sets (Supplemental Data 2)
were found to be positively enriched in KM tumors. Additionally,
some genes included in these gene sets were identified as signifi-
cantly differentially expressed when analyzed individually (e.g.,
Cxcl10, log2 fold change = 1.24, Padjust = 0.045), hinting at an im-
munoregulatory response to CIN in vivo.

We additionally explored the transcriptional consequences of
CIN in vivo by reanalyzing previously published microarray data
obtained from K and KM tumors in the context of a mouse model
of lung cancer (Sotillo et al. 2010). In notable agreement with our
results in breast tumors, KM lung tumors expressed less pro-prolifer-
ative and pro-growth mRNAs than K tumors (CIN70, NES =−2.43,
FDRGSEA < 10−6) (Supplemental Fig. S5E,F)with keyCIN70 signature
genes, including Ccnb2, showing significant down-regulation (log2
fold change =−1.02, Padjust = 0.0179) (Supplemental Data 4). Thus,
tumormodels of persistent CIN reveal a decrease in transcription of
proliferative gene sets, an increase in immune response gene sets,
and an absence of a transcriptional stress signature when compared
to an isogenic, genomically more stable tumor model.

Discussion

Our understanding of genomic instability and the dynamics
through which this process can fuel tumorigenesis is presently in-
complete, and genomic instability hence remains an active area of
research (Negrini et al. 2010; Birkbak et al. 2011; Santaguida and

Figure 4. Comparison of gene signatures present in UCEC and COAD-READ. (A) Correlation distributions of COAD-READ and UCEC. Black dots represent
FDRSCNA < 5% and FDRPM > 5%. Colored dots represent regulated genes predicted by iRegulon (corresponding transcription factors in legend). Text de-
scribes overlap between negative (down consensus) and positive (up consensus) correlating sets. (B) Predicted transcriptional networks based on iRegulon.
Circular nodes represent target genes, with predicted regulators denoted by diamonds.
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Amon 2015). Here, we present results highlighting an up-regula-
tion of proliferative gene expression signatures in tumors with ei-
ther a high PM or SCNA load. This is predominantly associated
with the E2F family and other cell division transcription factors
in human tumors. Since this proliferative signature is not specific
to the accumulation of a single somatic variant class (e.g., PM vs.
SCNA accumulation), it may reflect, rather than continuing insta-

bility, an “end point”which is presumably reached through previ-
ous periods of genomic instability mediated by alternative variant
formation processes.We notably observed up-regulation of cell cy-
cle genes as a common denominator between high SCNA or high
PM tumors even when analyzing tumors with a dichotomy of PM
and SCNA formation (UCEC and COAD-READ), which enabled us
to analyze correlations of one variant class in the absence of the

Figure 5. Gene set enrichment analysis of transcriptional changes between Kras-Mad2l1 and Kras breast tumors. (A) Descriptive image of mouse model.
(B) GSEA plots of select gene sets. (Left) Running-sum plots with running sum on y-axis and gene rank based on fold change on x-axis. (Right) Ranked fold
changes with gene-set members denoted by shaded lines. Normalized enrichment scores (NESs) and FDRs are displayed in the plot. (C) Overview of GSEA
results for breast KM versus Kmodels.−log10-transformed FDRs are displayed on the y-axis with directionality denoting the direction of the enrichment. (D)
Representative images of cultured tumor cells taken ex vivo for analyses for LC3 staining. Red arrowsmark positive and yellow arrowsmark negative cells. (E)
Comparison of average percentages of cells staining positive for LC3 in K versus KM cells. P-value calculated using Student’s t-test. (F ) Comparison of LC3
staining intensities in positive staining cells between K and KM cells. P-value calculated using a linear mixed model ANOVA for the effect of genotype on
observed staining intensity. At least 18 cells per tumor were used.
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other.We also found that this type of signature is present in several
diverse tumor types and is most prominent in gynecological and
lung cancers.

The immediate consequences of PM and SCNA formation dif-
fer in that the former is less likely to collaterally harm cellular fit-
ness than the latter (Thompson and Compton 2010; Sheltzer
et al. 2012; Stingele et al. 2012; Sheltzer 2013). Tumors can take ad-
vantage of both variant classes, with some tumor types known to
exhibit more recurrent SCNA-mediated driver variants, whereas
others exhibit largely recurrent PM-mediated drivers (Ciriello
et al. 2013). Nonetheless, the generation of a beneficial variant
can occur via either mechanism and enhance clonal fitness, the
ultimate manifestation of which is cell growth and division.
Subsequent clonal sweeps can act to select cells harboring these
driver variants, along with typically numerous passenger variants.
The total burden of any variant typemay therefore, at least in part,
reflect the degree to which the tumor has evolved toward a pro-
proliferative phenotype, and these transcriptional changes in cell
division genes are likely to be a product of selection rather than re-
flecting mutational mechanism. The in vivo data presented in our
study can help support this notion, with persistent CIN not asso-
ciating with overexpression but with down-regulation of prolifer-
ative gene sets in both breast and lung Kras-driven tumors. It
should also be noted in this regard that Mad2l1 overexpression
has previously been shown to expedite lung tumor development
in mice, a finding that warrants further investigation in the light
of our novel results. Overall, our results point toward the transcrip-
tional situation of human tumors with high SCNA burden differ-
ing markedly from controlled models where CIN is enforced in
vivo. Selection for highly fit, cell cycle gene-expressing clones
over the extended developmental time of a full-fledged human tu-
mor may explain these observations.

An important additional implication of our analyses is the po-
tential of an immune response against CIN/aneuploid tumors
(Figs. 2B, 5D). This correlation is intriguing, especially considering
that a link between immune surveillance and polyploidy has pre-
viously been suggested (Senovilla et al. 2012) and that cancer treat-
ments specifically targeting immune checkpoints are currently in
several clinical trials (Mellman et al. 2011; Drake et al. 2014). In
contrast to our mouse model of CIN tumors, these gene sets were
down-regulated with respect to SCNA burden in most clinical tu-
mor types, perhaps reflecting an immuno-regulatory barrier to
be overcome by the evolving cancer.

The HET70 and other cell-stress transcriptional signatures
showed no or negative enrichment in both mouse models and
the human tumors (Fig. 5B; Supplemental Fig. S4C–E), implying
that this transcriptional state of cellular distress, which may be
the most immediate response to somatic changes in karyotype,
may be selected against during clonal sweeps in tumorigenesis.
This does not exclude the possibility that cells expressing these sig-
natures were not present or contributing earlier during tumor evo-
lution. Evidence, both from simulation and mouse model studies,
suggests that an optimal rate of SCNA generation exists, whereby a
population of cancer cells can sample a fitness landscape while
maintaining an actively dividing majority (Silk et al. 2013;
Laughney et al. 2015). It is possible that in many cancers the pri-
mary tumor establishes a dynamic whereby the cells giving rise
to novel variation are in a relativeminority compared tomost oth-
er cells, which divide efficiently. The slight but observable increase
in LC3-positive cells in KM versus K tumors, as well as the higher
LC3-intensity measurements, support this notion. The difference
in the observed levels of LC3-staining in KM versus K tumors is,

while significant, less pronounced than observed in the context
of induced chromosome missegregation (using drugs or MAD2
siRNA knockdown) in cell culture (Santaguida et al. 2015) and
may reflect the existence of a less dramatic level of instability in
our mouse models of CIN. This is further supported by the lack
of evidence of autophagy and lysosome stress signatures in our
mouse models (Settembre and Ballabio 2011; Settembre et al.
2011; Santaguida et al. 2015). One possibility may be that taken,
ex vivo, the CIN population fractionmay be skewed in the context
of long-term cell culture, which could be more permissive to chro-
mosome segregation errors. Another possibility could be that re-
sponses to SCNA generation vary depending on tissue type and
cannot be summarized in a single signature, which is conceivable
given that variation exists between tumor types even with regard
to the specific genes that correlate with a fixed SCNA burden.

With regard to a signature that reflects CIN in human tumors,
we propose that, given that the cancer transcriptome (like the ge-
nome) is an average outcome of the entire populationwhen tumor
cells are sequenced in bulk, measured expression changes largely
associate with fixed SCNAs caused by previously acting CIN. To
this effect, we have observed that commonly deleted and ampli-
fied genes (e.g., TP53 and MYC) leave some transcriptional foot-
print unique to SCNA-, but not PM-, high tumors (Fig. 4). A
recent study performed with fibroblasts suggests that these aberra-
tions alone are insufficient to rescue the growthdefect experienced
by aneuploid cells (Sheltzer et al. 2016), in spite of the fact that
TP53 disruption can permit the development of CIN tumors and
positively influences E2F target transcription and cell division
(Barboza et al. 2006; Schvartzman et al. 2011; Parikh et al. 2014).
Intriguingly, our association between HSF1 and SCNA accumula-
tion adds support to the hypothesis that de-regulation of protein
homeostasis may serve as an adaptive mechanism in highly aneu-
ploid tumors (Donnelly et al. 2014). It will be interesting to see in
future studies to what extent the negative effects of CIN are dealt
with simply via clonal selection of beneficial SCNAs or by fixed ge-
netic changes (such as TP53 de-activation and HSF1 overexpres-
sion) that allow more proficient buffering of cellular stresses
associated with CIN.

Methods

TCGA data

The filtered pan-cancermutation (ID syn1729383) and annotation
files as well as RNA-seq (ID syn1695373) and gene-specific SCNA
data (IDs syn1695366 and syn169536 for normal/tumor, respec-
tively) for 11 cancer types was retrieved from the Synapse database
(www.synapse.org). Additionally, genome-wide SCNA calls from a
previous TCGA study were kindly provided by R. Beroukhim (ID
syn8076349) (Zack et al. 2013). Data from rectal and colon carcino-
mas were combined as previously described (The Cancer Genome
Atlas Network 2012).

Statistical analyses

All statistical analyses were performed in the R (version 3.2.3) pro-
gramming language (R Core Team 2008).

Correlation analysis

All analyses were performed per tumor type unless otherwise spec-
ified. Total SCNAs were counted from a previously published
study, using a minimum size cutoff of 40,000 bp. Total somatic
PMs were also counted per tumor. Previous studies did not take
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into account the fact that genes located on recurrent SCNAs will
typically correlate with increasing SCNA burden without actually
being a general consequence/cause of aneuploidy itself (Fehrmann
et al. 2015). To correct for this, we conservatively omitted sample
entries from a correlation calculation for a gene if for that sample
the gene was itself within an SCNA, eliminating for the most
part this relationship and allowing the study of global changes
on the transcriptome caused by increasing SCNA burden rather
than the dosage-specific ones. Specifically, this step does not
omit any gene entirely from the analysis but omits samples from
that gene’s correlation calculation when the gene is deleted or am-
plified in that sample. To increase sensitivity, we then employed
independent filtering, now omitting genes from the analysis
with the bottom 30% of expression variation, thereby lessening
the multiple testing burden. Spearman rank coefficients between
a gene’s expression and the total burden of either somatic variant
were then calculated, and estimated P-values were corrected for
multiple hypothesis testing using the Benjamini-Hochberg meth-
od (Padjust). For the stratification analysis, cutoffs for SCNA-low
and PM-low tumors were chosen to optimally minimize the varia-
tion of one variant type in the test set. For the whole chromosome
versus focal SCNA analysis, we categorized SCNA events as whole/
arm-level if they encompassed 50%–100%of the chromosome size
and as focal if they were smaller.

Gene set enrichment analysis

Gene set enrichment analysis was performed as previously de-
scribed using gene sets from the Reactome database (Subramanian
et al. 2005). Briefly, for a given analysis, gene correlations were
ranked in descending order, and the running sum was calculated,
with the enrichment score (ES) being the highest or lowest value of
the running sum. Normalized enrichment scores, accounting for
variability in gene set size, as well as false discovery rates (FDRGSEA),
taking into accountmultiple hypothesis testing, were calculated as
previously described (Subramanian et al. 2005), and FDR cal-
culations amounting to 0 are annotated as <10−6. We limited
gene set sizes to between 50 and 1000 genes. An identical analysis
was performed for the expression analysis, using log2 fold change
ranks instead of correlation coefficients. We define an enrichment
as significant when the absolute value of the NES > 2 and the
FDRGSEA < 0.05.

Transcription factor prediction

The top (and bottom) 200 correlating genes of each tumor type
were analyzed with the iRegulon Cytoscape plugin on default set-
tings (Janky et al. 2014). Specifically, we chose to focus solely on
transcription factor predictions with a minimum normalized en-
richment score of three and controlled at an FDR of <0.05 and in-
cluded only thosewithChIP-seq support, which are represented in
Figure 2C and Supplemental Figures S2 and S3. Clustering of tumor
types was performed based on similarity of TF predictions.

Generation of mouse models

All manipulations regarding the generation of the K and KM
mouse models are described in Rowald et al. (2016).

Cell imaging

For immunofluorescence, tumor cells were obtained as described
in Rowald et al. (2016). Cells were cultured on coverslips coated
with Collagen I (Cultrex, 344.020-01). After 24 h, cells were fixed
with 4% PFA for 10 min at room temperature or with a metha-
nol/acetone mix for 10 min at −20°C and permeabilized with

0.2%TritonX-100 PBS for 10min. Cells were treatedwith blocking
buffer containing 5% donkey serum, 1% BSA, and 0.2% Triton X-
100 in PBS for 1 h at RT. The following primary antibodies
were used: rabbit anti-LC3 (1:100, Sigma, L7543), rabbit anti-
Fibronectin (1:40, Abcam, ab23750), mouse anti-Ataxin1 (1:50,
Santa Cruz, sc-365343), mouse anti-Myosin X (1:50, Santa Cruz,
sc-166720), mouse anti-RhoA/RhoC (1:100, Thermo Scientific,
1B3-4A10), mouse anti-Vimentin (1:50, Sigma, V2258), and rabbit
anti-AKT3 (1:800, Cell Signaling, E1Z3W). Donkey anti-mouse
Alexa 488 and anti-rabbit Alexa 568 secondary antibodies were
used (1:500, Invitrogen), and the DNA was stained with DAPI.
Images were acquired with the Leica LAS 4.5 software on a Leica
SP5 confocal microscope. Quantification of LC3 fluorescence in-
tensity was performed with ImageJ software.

Cell imaging analysis

To test for average decreases inHET70 signature genes inKMversus
K tumors, we performed 10,000 permutations, scrambling, per
gene, the average % positive values among K and KM tumors
and calculating the amount of times all six tested genes yielded av-
erage % positive cells lower for KM tumors versus K tumors, and
from this determined the empirical P-value. To test for significance
between K and KM genotypes with regard to average LC3 intensity
per cell, we took into account the fact that each tumor alone can-
not be considered a true replicate for their respective genotype
since prior, unknown tumor evolution has occurred before data ac-
quisition. Thus, we used a linear mixed effect model, with geno-
type (K or KM) being the fixed effect and sample ID being a
random effect, thus taking into consideration variation between
tumors of the same genotype. Specifically, we log10-transformed
integrated LC3 intensities to normalize the data. An ANOVA was
then performed comparing a model using only sample ID and
one including sample ID and genotype information to test wheth-
er the addition of genotype information significantly contributes
to explaining the variation in average LC3 intensity.

RNA libraries and sequencing

Total RNAwas extracted from cells from six mice (3× K, 3× KM) us-
ing the RNeasy mini kit (Qiagen). RNA quality control was per-
formed using the 2100 Bioanalyzer platform (Agilent). A total of
500 ng total RNA was used as a starting material for the RNA se-
quencing libraries, which were prepared using the TruSeq strand-
unspecific protocol with Ribo-ZeroGold (Illumina) and sequenced
on the Illumina HiSeq 2000 platform with 2 × 51 cycles according
to the manufacturer’s instructions. In order to minimize batch ef-
fects, samples were processed on a Beckman Biomek FX robot fol-
lowing the manufacturer’s instructions.

RNA sequencing analyses

RNA-seq reads were aligned to the reference built by Bowtie
(Langmead et al. 2009) based on Ensembl v62 exons (genome
build NCBI37/mm9) (Hubbard et al. 2002). Gene-specific read
counts were obtained with the Genomic Alignments package in
R, using a strand-unspecificmodel togetherwith the Ensembl tran-
script database. Differential expression was assessed with the R
packageDESeq2 (Love et al. 2014).We defined significant differen-
tial expression as a genewith an FDR < 10%and an average twofold
gene expression change.

Analysis of microarray data

Microarray data for 22 tumors from Sotillo et al. (2010) were down-
loaded from the Gene Expression Omnibus (GEO), accession
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number GSE19753. One microarray was excluded due to quality
metrics. The limma package from Bioconductor was used to deter-
mine significantly differentiated genes between KM and K back-
grounds. P-values were corrected using the Benjamini-Hochberg
method. We defined significant differential expression as a gene
with an FDR < 10% and an average twofold gene expression
change.

Data access

RNA-based sequencing data from this study have been submitted
to the European Nucleotide Archive (ENA; http://www.ebi.ac.uk/
ena) under accession number PRJEB13611.
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