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Somatic copy-number alterations (SCNAs) drive tumor growth
and evolution. However, the functional roles of SCNAs across
the genome are still poorly understood. We provide an integra-
tive strategy to characterize the functional roles of driver
SCNAs in cancers based on dysregulated competing endoge-
nous RNA (ceRNA) networks. We identified 44 driver SCNAs
in lower-grade glioma (LGG). The dysregulated patterns losing
all correlation relationships dominated dysregulated ceRNA
networks. Homozygous deletion of six genes in 9p21.3 charac-
terized an LGG subtype with poor prognosis and contributed
to the dysfunction of cancer-associated pathways in a comple-
mentary way. The pan-cancer analysis showed that different
cancer types harbored different driver SCNAs through dysre-
gulating the crosstalk with common ceRNAs. The same SCNAs
destroyed their ceRNA networks through different miRNA-
mediated ceRNA regulations in different cancers. Additionally,
some SCNAs performed different functional mechanisms in
different cancers, which added another layer of complexity to
cancer heterogeneity. Compared with previous methods, our
strategy could directly dissect functional roles of SCNAs from
the view of ceRNA networks, which not only complemented
the functions of protein-coding genes but also provided a
new avenue to characterize the functions of noncoding
RNAs. Also, our strategy could be applied to more types of can-
cers to identify pathogenic mechanism driven by the SCNAs.

INTRODUCTION

The accumulation of driver somatic genetic alterations gradually
drives the evolution progression from normal to tumor cells.' Somatic
copy-number alterations (SCNAs), one important type of somatic ge-
netic alterations, have been reported to activate oncogenes and inac-
tivate tumor suppressors, which further made contributions to cancer
progression.” The prevalent focal and arm-level SCNASs affected large
cancer genome regions that not only included protein-coding genes
(PGs) but also non-coding regions.™* How to elucidate the functional
roles of SCNAs in cancers and how these SCNAs disorder cellular ho-
meostasis and further promote cancer progression are still unclear.

Many studies have been devoted to explore the functional effects of
SCNAs in cancers. It is well known that gene amplifications could in-
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crease expression levels of genes in amplified regions, and gene dele-
tions could decrease expression levels of genes in deleted regions.’
SCNAs also influenced expression levels of genes outside the ampli-
fied/deleted regions. Some studies investigated the effect of SCNAs
on the transcriptional changes by integrating DNA copy number/mu-
tation profiles and gene expression profiles.”” Network modeling of
global gene expression identified a glioblastoma-associated CNA-
driven network in which CNA hubs could explain expression vari-
ability of multiple downstream genes.® The abnormal activities of bio-
logical pathways were also caused by driver CNAs through disturbing
expression of genes in the pathways.” Sharma et al.'® showed that the
co-amplifications and co-deletions of cancer-causing genes and meta-
bolic genes contributed to reprogram cancer cell metabolism. SCNAs
propagated abnormal information along topological structures of bio-
logical pathways and contributed to dysfunctional pathways in cancer
individuals.'' The driver genetic alterations could induce the dysregu-
lation of multilayer factor-mediated regulatory networks of gene
expression and further cause disorder of cancer-associated func-
tions.'” These studies explored the functional roles of driver SCNAs
in cancer progression with an indirect way. However, it was limited
in understanding direct contributions of SCNAs to tumor
progression.

MicroRNAs (miRNAs) are important negative regulators of gene
expression. Artificial miRNA sponges can competitively bind and
inhibit miRNAs to derepress miRNA targets.'” Recently, the hypoth-
esis of competing endogenous RNAs (ceRNAs) uncovered a new layer
of RNA interaction mechanisms.'* ceRNAs can crosstalk with each
other through competitively binding to common miRNA response el-
ements. Due to the multiplicity of targets and cooperativity of miR-
NAs, the ceRNA crosstalking across the transcriptome could form

Received 10 March 2020; accepted 15 June 2020;
https://doi.org/10.1016/j.0mtn.2020.06.012.

*These authors contributed equally to this work.

Correspondence: Yun Xiao, College of Bioinformatics Science and Technology,
Harbin Medical University, Harbin, Heilongjiang 150086, China.

E-mail: xiaoyun@ems.hrbmu.edu.cn

Correspondence: Chaohan Xu, College of Bioinformatics Science and Technology,
Harbin Medical University, Harbin, Heilongjiang 150086, China.

E-mail: chaohanxu@hrbmu.edu.cn

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


https://doi.org/10.1016/j.omtn.2020.06.012
mailto:xiaoyun@ems.hrbmu.edu.cn
mailto:chaohanxu@hrbmu.edu.cn
http://crossmark.crossref.org/dialog/?doi=10.1016/j.omtn.2020.06.012&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/

www.moleculartherapy.org

large-scale miRNA-mediated ceRNA networks."” Endogenous RNA
molecules with miRNA target sites have the potential to act as natural
miRNA sponges, such as mRNAs, long noncoding RNAs (IncRNAs),
pseudogenes, and circular RNAs (circRNAs). The balance of miRNA
binding status among ceRNA partners was important for maintaining
normal biological functions of cells. Abnormal expression of ceRNAs
can break the balance, lead the dysregulated ceRNA networks, and
further disorder cell biological functions.'® Pseudogene PTENPI
was targeted by PTEN-targeting miRNAs, and overexpression of
the PTENPI 3’ UTR elevated PTEN expression based on miRNA-
mediated regulation and performed a tumor suppressive function.'”
IncRNA LINCMDI competitively sponged miR-133 and miR-135
to regulate expression of MAMLI and MEF2C, which could activate
muscle-specific gene expression to govern the time of muscle differ-
entiation.'® Exogenous perturbation in expression proved the regula-
tory role of ceRNAs on expression of their partners. Few studies have
focused on the effect of endogenous copy-number alterations on
ceRNA networks. DNA copy-number gains induced the high expres-
sion of SNHG6, which regulated EZH2 expression by sponging miR-
26a/b and miR-214 to promote CRC cell growth and metastasis."’
Copy number loss of both CNOT6LA and VAPA may downregulate
PTEN in a miRNA-dependent manner.'° Amplification-caused
high EGFR expression downregulated miR-133Db to release the control
of miR-133b on MET.** vIRF1 deletion increased miR-218-5p expres-
sion level and reduced the level of Inc-OIP5-AS1.”" Xu et al.** showed
that copy number variations can induce the dysregulation of ceRNA-
ceRNA interactions. A ceRNA method was proposed to investigate
the global transcriptional effect of genomic deletions.” These studies
gave us an inspiration that the view of ceRNA networks associated
with SCNAs could provide a more direct manner to explore the func-
tional mechanisms of SCNAs. However, the effect of endogenous
expression perturbations of ceRNAs caused by SCNAs on ceRNA
networks was less explored.

In this study, we provide an integrative strategy to identify the
driver SCNAs and characterize the functional roles of SCNAs in
cancers based on the dysregulation of ceRNA networks. The inte-
grative strategy includes three steps. First, we integrated the SCNA
profiles and expression profiles of protein genes and IncRNAs to
identify the candidate driver genes whose SCNAs could concor-
dantly affect their own expression levels. Next, for each candidate
driver gene, we constructed a static candidate gene-associated
ceRNA network that contained the candidate gene, candidate
gene-targeting miRNAs, and the ceRNA partners of the candidate
gene. Third, we constructed dynamically activated ceRNA net-
works under each SCNA status of candidate gene by integrating
expression profiles of protein genes, miRNAs, and IncRNAs and
the static candidate gene-associated ceRNA network. Then, the
dysregulated ceRNA network driven by the SCNA of a candidate
driver gene was identified by comparing dynamically activated
ceRNA networks (Figure 1). We applied our strategy to lower-
grade glioma (LGG). Compared with the normal copy number sta-
tus, SCNAs almost destroyed the ceRNA networks. Additionally,
the major dysregulated pattern was the pattern that all correlation

relationships among ceRNAs and miRNAs were lost. Homozygous
deletion of six genes in 9p21.3 could characterize a LGG subtype
with poor prognosis and contribute to the dysfunction of cancer-
associated pathways in a complementary way. We also applied
our strategy to 11 other cancer types and dissected the SCNA-
induced dysregulated ceRNA networks in common and specific
manners across these cancer types.

RESULTS

IncRNA SCNAs Were Prevailing across 12 Types of Cancer

We used GISTIC to identify SCNAs (such as homozygous deletion
and high-level amplification) of PGs and IncRNAs across 12 cancer
types (Figure S1). Through calculating SCNA frequency of PGs and
IncRNAs, we found that the SCNA frequency distributions of
IncRNAs were comparable to those of PGs (Figure S2A). By
combining copy number profiles and gene expression profiles, we
identified candidate genes (including PGs and IncRNAs) whose
SCNAs concordantly and significantly influenced their expression
levels. IncRNAs occupied nearly half of the candidate genes, and
especially the fractions were up to approximately 60% in ovarian se-
rous cystadenocarcinoma (OV) and glioblastoma multiforme
(GBM) (Figure S2B). Recently, IncRNAs have been reported to act
as a class of ceRNAs to regulate expression levels of PGs by sponging
miRNAs. Exploring the destructive power of SCNAs of IncRNAs/
PGs on the ceRNA networks was helpful to dissect the functions
and contributions of IncRNAs/PGs to cancer development. We
developed an integrative strategy to identify the IncRNAs/PGs
whose SCNAs were able to cause the disorder of their associated
ceRNA networks (Figure 1).

The Driver SCNAs in LGG

We applied the integrative strategy to 433 LGG samples that were de-
tected in all of the expression profiles of IncRNAs, PGs, and miRNAs
and copy-number profiles, and identified 55 candidate genes
(including 8 IncRNAs and 47 PGs) (Figure S3). For each candidate
gene, we constructed dynamic ceRNA networks by integrating the
expression profiles of IncRNAs, PGs, and miRNAs and a candidate
gene-associated static ceRNA network under different copy number
status. By comparing dynamic ceRNA networks under different
copy number status, 44 driver genes (including 7 IncRNAs and 37
PGs) were identified, whose SCNAs drove differential expression
and further caused the unbalance of ceRNA networks. We found
that driver gene-associated ceRNA networks worked normally under
the non-alteration condition, while these ceRNA networks were
extremely destructed by SCNAs of driver genes (Figure 2). For
example, MTAP was targeted by 45 miRNAs, which also targeted
another 11,848 genes (including 1,783 IncRNAs and 10,065 PGs).
An MTAP-associated static ceRNA network consisted of 86,456
ceRNA triples. Under the condition of MTAP non-alteration,
10,149 ceRNA triples were significantly activated while only 206
active ceRNA triples were significantly identified under the condition
of MTAP deletion. These results suggested that SCNAs could cause
the deregulation of ceRNA networks through increasing or decreasing
expression levels of targeting genes.
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Figure 1. The Workflow of the Integrative Strategy for Identifying SCNA-Induced Dysregulated ceRNA Networks

Among 44 driver genes, 8 genes (including MTAP, CDKNZ2A,
CNTNAP2, CDKN2B, RECQL4, PSCA, CDKN2B-ASI, and LINC-
PINT) were recorded in at least one of the four known cancer
gene databases (Cancer Gene Census in COSMIC,** TSGene,”’
Bushman  [http://www.bushmanlab.org/links/genelists],  and
Lnc2cancer™). Through literature searches, we also found that
many of the rest driver genes were reported to play important
cancer-associated functions in vivo or in vitro (Table S2). The
knocking down of COMMD9 was reported to inhibit cell prolifer-
ation and migration, and it arrested the cell cycle at the G,/S tran-
sition.””*® The depletion of CPSFI suppressed cell viability and
promoted cell apoptosis by inducing cell cycle arrest at the Go/
G, phase.”” HSFI promoted HCC cell migration and invasion
*%31 HSFI knockdown reduced cell migration

26

in vitro and in vivo.
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and invasive ability, which were restored by HSFI overexpres-
sion.’’ These findings proved the driver roles of genes with
SCNAs.

Dysregulated Patterns of ceRNA Triples Driven by SCNAs in LGG

ceRNA triples were elementary units of ceRNA networks. The des-
tructed ceRNA networks driven by SCNAs were composed of dysre-
gulated ceRNA triples, each of which contained a driver gene, a driver
gene-targeting miRNA, and a ceRNA of the driver gene. According to
the dysregulated status of ceRNA triples, we classified dysregulated
ceRNA triples into eight classes (Figure 3A). Class I included triples
that were not disturbed; class II included triples that lose inverse cor-
relations between miRNAs and the driver gene; class III included tri-
ples that lose inverse correlations between miRNAs and ceRNAs;
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Figure 2. The Number of Active ceRNA Triples in Dynamic ceRNA Networks under Different Copy Number Status for 44 Driver Genes in LGG

class IV included triples that lose positive correlations between the
driver gene and ceRNAs; class V included triples that lose inverse
correlations between miRNAs and both the driver gene and ceRNAs;
class VI included triples that lose inverse correlations between
miRNAs and the driver gene and positive correlations between the
driver gene and ceRNAs; class VII included triples that lose inverse
correlations between miRNAs and ceRNAs and positive correlations
between the driver gene and ceRNAs; and class VIII included triples
thatlose all correlation relationships among the driver gene, miRNAs,
and ceRNAs.

For each driver gene, the percentages of eight classes of dysregulated
ceRNA triples in the dysregulated ceRNA network were calculated by
comparing the active ceRNA networks under the SCNA and non-
alteration conditions (Figure 3B). We found that class VIII dominated
dysregulated ceRNA networks, with the average percentage of 67.3%.
Especially, GRINA amplification completely destroyed the active
ceRNA network constructed in the non-alteration condition of
GRINA, and class VIII contributed to 99.3% of dysregulated triples.
Classes V and VII also occupied major proportions of dysregulated
ceRNA networks for some driver genes, such as TNPO3, KLHDCI0,
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MKLNI1, RECQL4, and ZNF696. The average percentage of class I was
only 0.33% across 44 driver genes. To investigate whether dysregu-
lated ceRNA networks were associated with cancer hallmarks, we
downloaded 50 hallmark signatures from MSigDB’* and identified
the significantly enriched hallmark signatures by the deregulated
ceRNA networks using R package clusterProfiler at a false
discovery rate (FDR) of 0.05.*> We found that 37 of 44 deregulated
ceRNA networks were significantly enriched in at least one hallmark
signature (Figure 3C). For example, the dysregulated ceRNA net-
works caused by IncRNA ZNF252P-ASI1 amplification were
significantly enriched in a DNA damage signature (DNA_REPAIR),
proliferation signatures (E2F_TARGETS, G2M_CHECKPOINT,
MITOTIC_SPINDLE, MYC_TARGETS_V1, and MYC_TARGETS_
V2), and a pathway signature (UNFOLDED_PROTEIN_
RESPONSE). The most frequently enriched hallmark signatures
across 37 dysregulated ceRNA networks were proliferation signa-
tures, including E2F_TARGETS (30/37), G2M_CHECKPOINT (29/
37), and MYC_TARGETS_V1 (25/37). These results suggested that
driver SCNAs could disorder cancer hallmark signatures by extremely
destroying their involved ceRNA networks.

The Homozygous Deletion of 9p21.3 Characterized an LGG
Subtype with Poor Prognosis

To test whether SCNAs of driver IncRNAs/PGs destroying their
ceRNA networks were associated with LGG prognosis, we used Ka-
plan-Meier analysis and a log-rank test to perform survival analysis
of LGG patients based on the SCNA profiles of 44 driver genes. For
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each driver gene, we divided the LGG patients into three subgroups
based on SCNA status of the driver gene as follows: one subgroup
of patients with heterozygous deletion (—2) of the driver gene, one
subgroup of patients with high-level amplification (2) of the driver
gene, and one subgroup of patients with non-alteration (0) of the
driver gene. The survival times among the subgroups were compared.
The results showed that homozygous deletion of six genes was asso-
ciated with poor prognosis of LGG, including CDKN2B-ASI (p =
8.71e—08, log-rank test), CDKN2B (p = 1.84e—08, log-rank test),
CDKN2A (p = 1.84e—08, log-rank test), MTAP (p = 3.35e—09, log-
rank test), KLHL9 (p = 0.000494, log-rank test), and ELAVL2 (p =
0.00316, log-rank test) (Figure 4A; Figure S4). The expression levels
of the six genes were significantly decreased by homozygous deletion
(Figure 4B). We investigated the SCNA distributions of these six
genes across LGG samples and found that homozygous deletion of
the six genes showed co-occurrence patterns and obvious mutual
exclusive patterns with alterations of the rest driver genes (Figure 4C).
We also found that the genome locations of these six genes were in
9p21.3. To further analyze the association of 9p21.3 deletions with
LGG poor prognosis in spite of alterations in the rest of the driver
genes, we classified the LGG patients into three subgroups based on
the SCNA status of the 44 driver genes as follows: subgroup I,
including patients without any SCNAs of the 44 driver genes; sub-
group II, including patients with homozygous deletions of at least
one of the six genes in 9p21.3; and subgroup III, including patients
without homozygous deletions of the six genes but with homozygous
deletions or high-level amplifications of the rest of the 38 driver genes.
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Figure 4. The Homozygous Deletion of 9p21.3 Characterized a LGG Subtype with Poor Prognosis
(A) The homozygous deletions of six genes, including CDKN2B-AS, CDKN2B, CDKN2A, MTAP, KLHL9, and ELAVL2 were associated with poor prognosis in LGG. (B) The

homozygous deletions of six genes significantly decreased their own gene expres

sion. (C) The heatmap for SCNAs of 44 driver genes across LGG patients. (D) 9p21.3

deletions characterized a new LGG subtype with poor prognosis. (E) Comprehensive skeleton of the dysregulated ceRNA networks induced by homozygous deletions of six
driver genes. (F) Hallmark signatures significantly enriched by the six dysregulated ceRNA networks. (G) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways

significantly enriched by the six dysregulated ceRNA networks.

Survival analysis of three subgroups showed that survival times of
subgroup II were significantly shorter than those of subgroups I
and III (p = 4.67e—09, log-rank test), and there was no significant dif-
ference in survival times between subgroups I and III (Figure 4D). To
explore how homozygous deletions of these six genes contribute to

poor prognosis, we comprehensively analyzed the dysregulated
ceRNA networks. We found that homozygous deletions of these
driver genes destroyed the ceRNA networks through different miR-
NAs (Figure 4E). Additionally, 79.4% of ceRNAs appeared in only
one of six deregulated ceRNA networks. By preforming function
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enrichment analysis, we found that these six dysregulated ceRNA net-
works were consistently and significantly enriched in the proliferation
hallmark signatures, including E2F TARGETS, G2M_CHECK-
POINT and MYC_TARGETS_V1 (Figure 4F). Pathway analysis
showed that cancer-associated pathways such as spliceosome,
apoptosis, and cell cycle were also significantly enriched (Fig-
ure 4G).These results suggested that homozygous deletion of these
six driver genes contributed to the LGG poor prognosis in a comple-
mentary way, characterizing a new LGG subtype.

The Dysregulated ceRNA Networks Driven by SCNAs across 12
Cancer Types

To investigate the generality and specificity of driver SCNAs and
their driving dysregulated ceRNA networks across multiple can-
cers, we applied the integrative strategy to the other 11 cancer
types to identify the driver SCNAs and their induced dysregulated
ceRNA networks. For each cancer, a comprehensive dysregulated
ceRNA network was constructed through assembling all SCNA-
driven dysregulated ceRNA networks. We compared the compre-
hensive ceRNA networks across 12 cancer types from four aspects,
including driver genes, miRNAs, ceRNAs, and dysregulated ceRNA
triples. The number of driver genes ranged from 6 to 497, with a
median of 109 (Figure 5A). We found that the SCNAs in breast
invasive carcinoma (BRCA) and OV were more likely to destroy
the ceRNA networks. The number of miRNAs was significantly
associated with the number of driver genes in the networks (Pear-
son Correlation Coefficient [PCC] = 0.76, p = 0.004), while the
number of ceRNAs and ceRNA triples did not show similar corre-
lations (PCC = 0.38, p = 0.2 for ceRNAs; PCC = 0.49, p = 0.1 for
triples). By comparing these comprehensive ceRNA networks, we
found that 12 cancer types shared very few driver genes, and the
average share proportion was only 1.9%. Thus, the share propor-
tions of dysregulated ceRNA triples were very low, ranging from
0% to 1.1% (Figure 5B). Interestingly, we found that the share pro-
portions of miRNAs and ceRNAs were clearly high. The average
share proportions of miRNA and ceRNAs were 31.4% and
32.9%, respectively. In total, we identified 1,655 driver genes with
SCNAs including 203 IncRNAs and 1,452 PGs for 12 cancer types.
To further investigate the distributions of driver IncRNAs and PGs
across 12 cancer types, we found that most of the driver genes were
specific to specific cancer type, and few driver genes were shared by
two or more cancer types (Figure 5C for IncRNAs and Figure 5D
for PGs). These results suggested that different cancer types
harbored different driver genomic alterations contributing to can-
cer carcinogenesis through dysregulating the crosstalks with com-
mon ceRNAs.

Amplification of IncRNA PVT1 Disturbed Distinct ceRNA Triples
in Different Cancers

Among the 203 driver IncRNAs, IncRNA PVTI was most frequently
identified in 12 cancer types. We found that amplification of IncRNA
PVTI could destroy its ceRNA networks in six cancer types,
including OV, head and neck squamous cell carcinoma (HNSC),
lung adenocarcinoma (LUAD), stomach adenocarcinoma (STAD),
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BRCA, and bladder urothelial carcinoma (BLCA) (Figures S5-
S§10). PVTI has been reported as an oncogene. The high protein level
of oncogene MYC was dependent on the gain of PVT1 expression to
promote tumorigenesis.”* Amplification of PVTI could contribute
to the development ovarian and breast cancer.”> Knockdown of
PVTI could inhibit cell migration and proliferation.”® PVT1 showed
frequent amplification across cancer types, and the frequencies were
above 10% in six cancers (47.3% in OV, 12.8% in HNSC, 12.6% in
LUAD, 13.4% in STAD, 20.6% in BRCA, and 11.2% in BLCA; Fig-
ure 6A). Compared with non-alteration status, amplification signif-
icantly elevated the expression levels of PVTI (Figure 6B). In the
PVTIl-associated static ceRNA network, 33,741 ceRNA triples
were formed by PVTI, 38 miRNAs, and 5,522 ceRNAs. By con-
structing the PVTI-associated dynamic ceRNA networks under
PVTI non-alteration, we found that the numbers of active ceRNA
triples varied over three orders of magnitude, with from 0 to 1,501
(Figure 6C). The amplification of PVT1 completely destroyed the
active ceRNA networks, and the numbers of active ceRNA triples
dropped to 0. Surprisingly, there were no active ceRNA triples under
PVTI non-alteration status while PVTI amplification caused six
active ceRNA triples in OV. By analyzing the dysregulated ceRNA
networks, one to six miRNAs mediated the ceRNA relationships be-
tween PVTI and its ceRNAs (Figure 6D). Additionally, the ceRNAs
of PVT1 also exhibited a clear difference (Figure 6E). IncRNAs occu-
pied the major part of PVTI ceRNAs in OV, HNSC, and LUAD,
while PGs dominated ceRNAs of PVTI in STAD. In both BLCA
and BRCA, IncRNAs and PGs had equal shares of PVTI ceRNAs.
The results of genomic locations showed that the active ceRNAs of
PVT1I spread universally across the whole genome (Figure 6F). To
further investigate the generality and specificity of miRNAs and ceR-
NAs, we compared the six dysregulated ceRNA networks driven by
PVTI amplification and found that miRNAs and ceRNAs showed
low generality across six cancer types. Obvious mutual exclusivity
was observed in both miRNAs and ceRNAs (Figures 6G and 6H).
The most frequent driver PG was MTAP. The homozygous deletion
of MTAP was identified to induce dysregulated ceRNA networks in
five cancer types, including LGG, lung squamous cell carcinoma
(LUSC), LUAD, STAD, and BLCA. Comparative analysis showed
that MTAP deletion also disturbed distinct ceRNA triples in
different cancers (Figure S11).

We also found that ceRNA triples exhibited different active states un-
der different conditions across cancer types. For example, PVTI and
IncRNA NEATI shared a miRNA hsa-miR-326 and formed a static
ceRNA triple. This ceRNA triple was activated under non-alteration
of PVTI in HNSC. PVTI and NEATI showed significant positive
expression correlation (PCC = 0.38, p = 2.2e—12), and hsa-miR-
326 and both PVTI and NEATI showed significant negative expres-
sion correlations (PCC = —0.19, p = 0.00059; PCC = —0.26,
p = 3.3e—6; Figure 7). However, the significant inverse relationships
between hsa-miR-326 and both PVT1 and NEATI were destroyed by
PVTI amplification in HNSC. In other cancer types, this active
ceRNA tripe was not identified in spite of the alteration status of
PVTI. These results suggested that SCNAs of IncRNAs/PGs could
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Figure 5. Comparison Analysis of the Comprehensive ceRNA Networks across 12 Cancer Types
(A) The numbers of driver genes, miRNAs, ceRNAs, and triples in the comprehensive ceRNA networks in 12 cancer types. (B) The overlap ratio of driver genes, miRNAs,
ceRNAs, and triples across 12 cancer types. (C) Heatmap of driver INcRNAs across 12 cancer types. (D) Heatmap of driver PGs across 12 cancer types.

contribute to abnormal transformation of cancer by destroying their
ceRNA networks through different miRNA-mediated ceRNAs.

Cancer-Specific Driver Genes

We found that the major identified driver genes were specific to one
type of cancer. Several driver genes were cancer-specific due to the
fact that their frequent alterations only occurred in a specific cancer.
For example, the amplification frequency of IncRNA GAS5 was
above 0.1 only in BRCA (Figure 8A). IncRNA GAS5 induced growth
arrest and apoptosis in breast cancer.’” The overexpression of GAS5
enhanced cell sensitivity to tamoxifen in breast cells both in vitro and
in vivo.”® Compared with non-alteration, GAS5 amplification signif-
icantly elevated expression level (Figure 8A) and completely de-
stroyed the GAS5-associated active ceRNA network in the non-alter-
ation condition, which contained 3 miRNAs and 28 ceRNAs (26
IncRNAs and 2 PGs; Figures 8B-8D; Figure S12). In another situa-
tion, although the highly frequent alterations of driver genes

occurred in multiple cancer types, the SCNA-driven dysregulated
ceRNA network was specific to a specific cancer. For example,
EGFR showed frequent amplification in GBM and HNSC; especially,
amplification frequency was up to 43.9% in GBM (Figure 8E). EGFR
amplification was associated with poor prognosis in both GBM and
HNSC (p = 0.0242 for GBM, p = 0.0314 for HNSC; Figure S13).
Compared with non-alteration, amplification significantly elevated
EGEFR expression levels in both GBM and HNSC (p = 3.6e—16 for
GBM and p = 1.3e—9 for HNSC; Figure 8F). However, EGFR did
not participate in the ceRNA regulatory mechanism in spite of
non-alteration or amplification in GBM (FDR = 0.05, PCC < 0; Fig-
ure 8G). Under non-alteration of EGFR in HNSC, four miRNAs
showed significant inverse correlations with EGFR while no inverse
correlations were identified between any miRNA and EGFR under
EGFR amplifications (FDR = 0.05, PCC < 0; Figure 8H; Figure S14).
These results suggested that the same SCNA of driver genes
may contribute to cancer development by different functional
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(A) The amplification frequencies of PVTT in 12 cancer types. (B) PVT1 amplification elevated the expression levels of PVT1. (C) The number of active ceRNA triples
participated by PVT7 under the conditions of PVT1 non-alteration and amplification. (D) The numbers of miRNAs in PVT1 amplification-induced dysregulated ceRNA
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PVT1 in different cancers. Blue indicates INcRNA; red indicates PGs. (G) Heatmap for miRNAs in PVT7-mediated dysregulated ceRNA networks in different cancers. (H)
Heatmap for ceRNAs of PVT7 in PVT1-mediated dysregulated ceRNA networks in different cancers.
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Figure 7. An Active ceRNA Triple Was Specific under the Condition of PVT1 Non-alteration in HNSC, which Included PVT1, NEAT1, and has-miR-326

The green checkmark represents active, and the red cross represents inactive.

mechanisms, which added another layer of complexity on cancer
heterogeneity.

The Performance Evaluation of the Method

Three gene sets of known cancer genes were collected from the Can-
cer Gene Census of COSMIC, TSGene, and Bushman, respectively.
We found that the driver genes in LGG identified by our method
significantly overlapped with these known cancer genes (p = 0 for
Cancer Gene Census, p = 0.02 for TSGene, and p = 0.02 for Bushman
at the threshold of 0.1 in alteration frequency; Figure 9). Due to the
less frequent SCNAs of known cancer genes, we re-identified the
driver genes in LGG for the threshold of alteration frequencies at

0.08, 0.06, 0.04, and 0.02, which also could significantly capture
known cancer genes. We also compared our method with two previ-
ous methods which identified driver copy-number alterations (Zhou
et al.*’ and DriverDBv34”). Compared with these methods, our
method could identify more known cancer genes from the Cancer
Gene Census of COSMIC, TSGene, and Bushman (Figures 10A-
10C). Due to the need for a certain sample size, our method had
the limits in identifying the driver genes with very low SCNA fre-
quencies or without SCNAs in the cancer population (Figure 10D).
The driver genes identified by our method significantly overlapped
those identified by Zhou et al.,”” but showed no significant overlap
with those from DriverDBv3 (Figure 10E). These results suggested
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Figure 8. Cancer-Specific Driver Genes

(A) The amplification frequency of GAS5 was greater than 0.1 in only BRCA. GAS5 amplification significantly elevated its expression. (B) Volcano plot for expression cor-
relations between GAS5 and miRNAs in the static GAS5-associated ceRNA networks. (C) Volcano plot for expression correlations between ceRNA partners of GAS5 and
miRNAs in the static GAS5 associated ceRNA networks. (D) Volcano plot for expression correlations between GAS5S and its ceRNA partners in the static GAS5-associated
ceRNA networks. (E) The amplification frequencies of EGFR were greater than 0.1 in both GBM and HNSC. (F) EGFR amplification significantly elevated its expression. (G)
Volcano plot for expression correlations between EGFR and miRNAs from the static EGFR associated ceRNA networks in GBM. (H) Volcano plot for expression correlations
between EGFR and miRNAs from the static EGFR-associated ceRNA networks in HNSC.

that our method was useful for identifying the driver genes by dissect-
ing the functional mechanisms of SCNAs from the view of dysregu-
lated ceRNAs.

DISCUSSION

In this study, we developed an integrative strategy to identify driver
SCNAs and characterize functional roles of SCNAs in multiple cancer
types. By integrating copy number profiles, expression profiles of PGs,
IncRNAs, and miRNAs, and ceRNA networks, we identified SCNA-
induced dysregulated ceRNA networks. We analyzed the dysregu-
lated patterns of dysregulated ceRNA networks and dissected the
cooperative functional roles of SCNAs contributing to cancer sub-
types. Comparative analysis of SCNA-induced dysregulated ceRNA
networks across multiple cancer types showed that the functional
roles of SCNAs were cancer-specific.

It is well accepted that non-coding regions occupy major parts of the
genome. The SCNA frequency distributions of IncRNAs were compa-
rable to those of PGs across multiple cancer types. However, few
studies focused on the functional roles of IncRNA SCNAs. Enhanced
characterization of the functional effects of IncRNA SCNAs in cancer
could help understand cancer etiology and guide cancer diagnosis and
therapy. Our strategy provided a direct way to characterize IncRNA
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functions through identifying the IncRNA SCNA-induced dysregu-
lated ceRNA network, in which IncRNAs directly participated in
each of the ceRNA triples. IncRNA SCNAs directly destroyed the
miRNA-mediated co-regulated patterns between them and their
ceRNA partners by influencing their own expression levels. Mean-
while, our strategy could be applied to dissect other types of noncod-
ing RNAs along with the advent of corresponding biological profiles.

Due to the cooperativity of miRNAs and multiplicity of targets,
ceRNA networks were extremely complicated, which contained not
only protein-coding mRNAs and the known non-coding RNAs
(such as IncRNAs, pseudogenes, and circRNAs), but also the un-
known RNAs with miRNA target sites. Constructing comprehensive
ceRNA networks was necessary for understanding the molecular
mechanism in cancer cells. Analysis of ceRNA networks in previous
studies explored ceRNA partners of PGs (PTEN) based on mRNA-
mRNA ceRNA networks or predicted IncRNA functions based on
IncRNA-mRNA ceRNA networks. These ceRNA networks were not
enough to capture ceRNA-mediated functions of IncRNAs or PGs.
We further expanded ceRNA networks including mRNA-mRNA,
IncRNA-mRNA, and IncRNA-IncRNA ceRNA partnerships, which
provided us a more comprehensive view to explore functional effects
of SCNAs in cancers. Analysis of SCNA-induced dysregulated ceRNA
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Figure 9. The Significant Overlaps between the Driver Genes Identified by
Our Method and Cancer Genes Recorded in Three Known Cancer Gene
Databases, Including the Cancer Gene Census of COSMIC, TSGene, and
Bushman, at Different Thresholds of SCNA Frequency

networks showed that IncRNAs contributed important parts to dysre-
gulated ceRNA triples induced by driver SCNAs. However, the con-
structed ceRNA networks were still limited due to lacking matched
biological profiles of other RNAs. With the development of functional
studies of IncRNAs and data accumulation of multi-omics, our strat-
egy could comprehensively characterize functional roles of SCNAs.

The analysis of SCNAs across multiple cancers showed that cancer
specificities of SCNAs were varied. We found that 68.8% of genes
and IncRNAs with high SCNA frequency were present in only one
cancer type. Exploring the functional roles of these cancer-specific
SCNAs was useful for understanding cancer-specific pathogenesis.
For example, IncRNA GAS5 showed high amplification frequency
only in BRCA. GAS5 amplification destroyed the dynamic ceRNA
network that was constructed under GAS5 non-alteration. Although
some genes and IncRNAs (such as EGFR) showed high SCNA fre-
quency in multiple cancer types, their SCNAs performed different
functional effects in different cancer types. Amplification of EGFR
could elevate EGFR expression levels in both HNSC and GBM.
EGFR amplification dysregulated the EGFR-associated ceRNA
network in HNSC, while EGFR did not participate in the ceRNA reg-
ulatory mechanism in GBM. In other case, SCNAs of genes or
IncRNAs could disturb their associated ceRNA networks through

different miRNAs and different ceRNA partners in different cancer
types. The functional diversity of SCNAs led us to investigate the
cancer-specific functional roles of SCNAs from different
perspectives.

The driver genes identified by our method could be affected by the
input data, including copy number profiles and expression profiles
of IncRNAs, miRNAs, and PGs. With the threshold level of unde-
tected frequency decreasing or the threshold of mean expression level
increasing, the numbers of IncRNAs, miRNAs, and PGs in the expres-
sion profiles as input decreased. The potential driver genes with a low
expression level could not be input into our method. Additionally, the
number of identified driver genes would decreased slightly (Fig-
ure S15). Meanwhile, the threshold of SCNA frequency also deter-
mined the copy number profiles as input. With the threshold of
SCNA frequency decreasing, more IncRNAs/PGs were input into
our method, and more potential driver genes with higher SCNA fre-
quencies than threshold could be identified (Figure S16). Due to the
need for a certain sample size, our method had limits in identifying
the driver genes with very low SCNA frequencies in the cancer
population.

In conclusion, we proposed an integrative strategy to investigate the
functional roles of driver SCNAs based on dysregulated ceRNA net-
works, which was complementary with previous methods. Our
method had good extensibility with accumulation of multi-omics.

MATERIALS AND METHODS

Materials

We collected four types of datasets, that is, copy number profiles and
gene expression profiles of PGs, IncRNAs, and miRNAs for 12 cancer
types, including LGG, GBM, HNSC, BLCA, OV, BRCA, LUAD,
LUSC, STAD, kidney renal clear cell carcinoma (KIRC), cervical
squamous cell carcinoma (CESC), and prostate adenocarcinoma
(PRAD). The copy number profiles and gene expression profiles of
PGs and miRNAs were downloaded from The Cancer Genome
Atlas (TCGA) (https://www.cancer.gov/about-nci/organization/ccg/
research/structural-genomics/tcga). The copy number profiles of 12
cancer types involved 5,814 cancer samples in TCGA. Additionally,
the expression profiles of PGs and miRNA expression profiles con-
tained 5,701 and 5,069 cancer samples in TCGA, respectively. We
collected the IncRNA expression profiles of 12 cancer types from
TANRIC,*' which contained 4,578 cancer samples from TCGA.
There were 3,508 common cancer samples from which all of the
copy number profiles, expression profiles of PGs, miRNA expression
profiles, and IncRNA expression profiles were detected (Table S1; Fig-
ure S1). The datasets from these 3,508 common cancer samples were
used for subsequent analysis.

The Copy Number Profiles of Protein Genes and IncRNAs

Segmentation data (level 3) of copy numbers in 12 cancer types
were collected. For each cancer type, we applied GISTIC
(version 2)** to copy number data and identified the SCNAs of
PGs and IncRNAs. Five values were used to measure the extent
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Figure 10. Comparison of Our Method with Other Methods

(A) The number of cancer genes in the Cancer Gene Census of COSMIC identified by three methods at different thresholds of SCNA frequencies. (B) The number of cancer
genes in TSGene identified by three methods at different thresholds of SCNA frequencies. (C) The number of cancer genes in Bushman identified by three methods at
different thresholds of SCNA frequencies. (D) The cumulative distributions of SCNA frequencies of driver genes identified by three methods. (E) The overlaps between driver
genes identified by our method and the other two methods at different thresholds of SCNA frequencies.

of copy-number alterations, including homozygous deletion, het-
erozygous deletion, and diploid, gain, and high-level amplification.
Only homozygous deletion and high-level amplification were
considered as reliable SCNAs, and then the discrete SCNA profiles
of PGs and IncRNAs were established, in which 2 (high-level
amplification) and —2 (heterozygous deletion) represented SCNAs
and 0 represented non-alterations.

The Expression Profiles of PGs

The gene expressions of PGs in GBM and OV were detected by micro-
array technology. The gene expression of PGs for the remaining can-
cer types were detected using RNA sequencing (RNA-seq) technol-
ogy. The expression levels of genes were calculated by multiplying
the tau value calculated using RSEM and 10°.** For subsequent calcu-

lation, the expression levels were transformed using log,.

The Expression Profiles of miRNAs

The gene expression levels of miRNAs in GBM and OV were also de-
tected using microarray technology, and the miRNA IDs from micro-
arrays were transferred into miRNA IDs in miRBase version 20.** For
the rest of the cancer types, miRNA expression profiles were detected
using miRNA sequencing (miRNA-seq) technology. Expression
levels of miRNAs were measured using RPM. For subsequent calcu-
lation, the expression levels were transformed using log,.
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The Expression Profiles of IncRNAs

IncRNA expression profiles of TCGA samples for 12 cancer types
were collected from TANRIC,"" which were frequently used to
explore the functional roles of IncRNAs (Table S3). The expression
levels of IncRNAs were quantified as RPKM (reads per kilobase tran-
script per million mapped reads), which were calculated based on the
paired-end RNA-seq BAM files of TCGA samples. The expression
levels of IncRNAs were transformed by log, for subsequent
calculation.

For each cancer, the common samples across the above four levels
were selected (Figure S1). Any PG or IncRNA or miRNA was deleted
when the undetected frequency was greater than 30% or the mean
expression level was lower than 0.1.

The miRNA-PG/miRNA-IncRNA Target Interactions

We downloaded the miRNA-PG/miRNA-IncRNA target interactions
from starBase v2.0*° and the miRNA-IncRNA target interactions
from InCeDB."® These target relationships between miRNAs and
PGs/ncRNAs were supported from the view of sequence matching,
which provided a comprehensive view of static miRNA-PGs/
IncRNAs target interactions. To identify the activated miRNA-PGs/
IncRNAs target interactions in a specific cancer, we integrated the
static miRNA-PGs/IncRNAs target interactions and expression pro-
files of PGs, miRNAs, and IncRNAs from the specific cancer samples.
Therefore, only the miRNA-PGs/IncRNAs target relations, in which
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both miRNAs and PGs/IncRNAs were detected in expression profiles
of PGs, miRNAs, and IncRNAs from the specific cancer, were kept for
subsequent analysis.

Methods

We defined driver genes as those genes whose SCNAs could signifi-
cantly affect their own expression levels and further destroy the acti-
vated ceRNA networks under the condition of non-alterations.
Through integrating the discrete SCNA profiles, expression profiles
of PGs, miRNAs, and IncRNAs, and miRNA target interactions, we
developed an integrative strategy to characterize the functional roles
of SCNAs and identify the driver genes in cancers by constructing
SCNA-induced dysregulation of ceRNA networks (Figure 1). The inte-
grative strategy included three steps: identifying the candidate PGs/
IncRNAs with frequent SCNAs, constructing the static ceRNA net-
works for candidate genes, and constructing dysfunctional ceRNA net-
works driven by SCNAs. The detailed information is presented below.

Identifying the Candidate PGs/IncRNAs with Frequent SCNAs
The candidate genes should meet two criteria: the SCNAs of candi-
date genes should recur frequently in cancer populations, and the
SCNAs could affect the expression of candidate genes. We calculated
the SCNA frequencies of PGs/IncRNAs from the discrete SCNA pro-
files and selected the PGs/IncRNAs with SCNA frequencies greater
than 0.1. By combining expression profiles of PGs/IncRNAs and
the discrete SCNA profiles, we identified PGs/IncRNAs whose SCNAs
could significantly and concordantly influence their expression levels
(t test, p < 0.05). Finally, these identified PGs/IncRNAs with
miRNA-target interactions were considered as candidate genes.

Constructing the Static ceRNA Networks for Candidate Genes
For each candidate gene, we identified miRNAs that targeted this
candidate gene from miRNA-PGs/IncRNAs interactions. Then,
PGs/IncRNAs targeted by these miRNAs were considered as ceRNA
competitors of the candidate gene. We defined a ceRNA triple as one
containing the candidate gene, a ccRNA, and a miRNA, in which both
the candidate gene and the ceRNA were targeted by the miRNA.
Then, we enumerated all candidate gene-associated ceRNA triples
and assembled these ceRNA triples into a static ccRNA network of
the candidate gene.

Constructing Dysfunctional ceRNA Networks Driven by SCNAs
Candidate genes may show the status of three copy numbers across
cancer samples, that is, SCNAs (homozygous deletion and high-level
amplification) and non-alteration. Differential expression levels of
candidate genes driven by SCNAs may destroy the homeostasis of
the ceRNA networks activated in the condition of non-alteration.

According to copy number status of each candidate gene, we grouped
cancer samples into subgroups and deleted the subgroups with fewer
than five samples. For each copy number status, we constructed the
dynamic ceRNA networks by integrating expression profiles of PGs,
IncRNAs, and miRNAs of the corresponding subgroup and the static
ceRNA network associated with the candidate gene. The correlation

coefficients were calculated among the candidate gene, miRNAs,
and ceRNA competitors of ceRNA triples in the static ceRNA
network. We identified the activated ceRNA triples in which correla-
tion coefficients between the candidate gene and miRNAs and those
between miRNAs and ceRNA competitors were significantly negative
at a FDR of 0.05, and the correlation coefficients between candidate
gene and ceRNA competitors were significantly positive at a FDR
of 0.05. These activated ceRNA triples were assembled into the dy-
namic ceRNA network under the condition of specific copy number
status.

To characterize the SCNA influence of the candidate gene on the
ceRNA network, the dynamic ceRNA networks constructed under
the SCNA of the candidate gene were compared with the dynamic
ceRNA network from non-alteration status. We identified the dysre-
gulated ceRNA triples as the ceRNA triples that were only activated in
only one of the conditions of the SCNAs and non-alteration of the
candidate gene. Then, all dysregulated ceRNA triples constituted
the dysregulated ceRNA networks driven by the SCNA of the candi-
date gene. The driver genes were considered as the candidate genes
whose SCNAs could drive the dysregulated ceRNA networks.

Survival Analysis

For a given PG or IncRNA, three SCNA status levels may be present
across cancer populations: heterozygous deletion (—2), high-level
amplification (2), and non-alterations (0). According to SCNA status
of the PG or IncRNA, the cancer patients were divided into subgroups
as follows: one subgroup of patients with heterozygous deletion (—2)
of the PG or IncRNA, one subgroup of patients with high-level ampli-
fication (2) of the PG or IncRNA, and one subgroup of patients with
non-alteration (0) of the PG or IncRNA. To test whether the SCNA
status of the PG or IncRNA was associated with prognosis, we used
Kaplan-Meier analysis and a log-rank test to compare the survival
times among the subgroups.

For a specific SCNA of the genome region, we divided the cancer pa-
tients based on the SCNA profiles of driver genes as follows: one sub-
group of patients without SCNAs of driver genes, one subgroup of pa-
tients with the specific SCNA of at least one driver gene in the genome
region, and one subgroup that consist of the rest of the patients. The
significance of a survival difference between the three subgroups was
estimated using Kaplan-Meier analysis and log-rank test.

The Code for the Integrative Strategy
The code for the integrative strategy is available at https://github.com/
pingyanyan/Driver-SCNAs.
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Supplemental Figures

Figure S1. The overlaps of tumor patients among expression profiles of IncRNA, PGs and miRNAs

and copy number profiles in 12 cancer types.
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Figure S2. The SCNAs of LncRNA were prevailing in cancers. A. The SCNA frequencies of PGs and

IncRNAs across cancers. B. The proportions of PGs and IncRNAs in candidate genes cross 12 cancer

types.
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Figure S3. SCNAs of 55 candidate genes significantly and accordantly influenced their expression
levels in LGG. -2 represents for homozygous deletion (blue), 0 for non-alteration (gray) and 2 for

high-level amplification (red).
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Figure S4. Survival analysis of 44 driver genes in LGG. A. The associations of SCNA status of 44
driver genes with LGG prognosis. -2 represents for homozygous deletion (blue), 0 for non-alteration
(gray) and 2 for high-level amplification (red). B. COPG2 amplification was not an independent

prognostic factor in LGG.



Figure SS. PVT1 amplification-driven dysregulated ceRNA network in OV.



Figure S6. PVT1 amplification-driven dysregulated ceRNA network in HNSC.



Figure S7. PVT1 amplification-driven dysregulated ceRNA network in LUAD.



Figure S8. PVT1 amplification-driven dysregulated ceRNA network in STAD.



Figure S9. PVT1 amplification-driven dysregulated ceRNA network in BRCA.
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Figure S10. PVT1 amplification-driven dysregulated ceRNA network in BLCA.
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Figure S11. Homozygous deletion of MTAP disturbed distinct different ceRNA networks in different
cancers. A. Alteration frequency of MTAP in 12 cancer types. B. Homozygous deletion of MTAP
significantly down-regulated the MTAP expression levels in 12 cancer types. C. The numbers of
miRNAs in MTAP homozygous deletion-induced dysregulated ceRNA networks in five types of
cancers including LGG, LUSC, LUAD, STAD, BLCA. D. The numbers of PGs and IncRNAs in

MTAP-mediated dysregulated ceRNA networks in five types of cancers. E. Genome-wide view of



active ceRNA partners of MTAP in different cancers. Blue, IncRNA; Red, PGs. F. Heatmap for
miRNAs in MTAP-mediated dysregulated ceRNA networks in five types of cancers. G. Heatmap for

ceRNAs of MTAP in MTAP-mediated dysregulated ceRNA networks in five types of cancers.
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Figure S12. GASS5 amplification-driven dysregulated ceRNA network in BRCA.
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Figure S13. The EGFR amplification were associated with poor prognosis of GBM and HNSC.



Figure S14. EGFR amplification-driven dysregulated ceRNA network in HNSC.



50
1
50

45

20
1
The number of driver genes

The number of driver genes

10
1
10
1

a4 i 44 m m 44 45 45 45 45
42 42 M
40 40 40 40 o | 40
38 b
o
]
| :
o J
01 02 03 04 05 06 07 08 09 1 0 0.1 02 03 04 05 06 07 08 09

The expression threshold The undetected frequency

45 45
| ||
<
o
)

o J
0.01

Figure S15. The influence of thresholds of mean expression and undetected frequency on the method
for identifying driver genes. A. The number of driver genes identified at different threshold of mean

expression. B. The number of driver genes identified as different threshold of undetected frequency.
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Supplemental Table

Table S1. The numbers of cancer samples in copy number profiles and expression profiles of PGs,

InvRNAs and miRNAs for 12 cancer types

Expression profiles Copy number Common
Cancer type

PG IncRNA miRNA profiles samples
GBM 473 154 571 535 124
HNSC 495 426 467 452 374
BLCA 241 252 252 250 237
LUAD 488 488 482 494 425
ov 541 412 585 572 389
BRCA 1095 837 755 1080 506
LUSC 490 220 331 490 67
STAD 415 285 395 441 240
KIRC 518 448 267 514 249
CESC 185 196 200 192 180
PRAD 297 374 326 331 284
LGG 463 486 438 463 433

Total 5701 4578 5069 5814 3508
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