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Substantial cancer genome sequencing efforts have discovered many impor-
tant driver genes contributing to tumorigenesis. However, very little is
known about the genetic alterations of long non-coding RNAs (IncRNAs)
in cancer. Thus, there is a need for systematic surveys of driver IncRNAs.
Through integrative analysis of 5918 tumors across 11 cancer types, we
revealed that IncRNAs have undergone dramatic genomic alterations,
many of which are mutually exclusive with well-known cancer genes. Using
the hypothesis of functional redundancy of mutual exclusivity, we devel-
oped a computational framework to identify driver IncRNAs associated
with different cancer hallmarks. Applying it to pan-cancer data, we identi-
fied 378 candidate driver IncRNAs whose genomic features highly resemble
the known cancer driver genes (e.g. high conservation and early replica-
tion). We further validated the candidate driver IncRNAs involved in ‘Tis-
sue Invasion and Metastasis’ in lung adenocarcinoma and breast cancer,
and also highlighted their potential roles in improving clinical outcomes. In
summary, we have generated a comprehensive landscape of cancer candi-
date driver IncRNAs that could act as a starting point for future functional
explorations, as well as the identification of biomarkers and IncRNA-based
target therapy.

1. Introduction

The development of cancer is driven by somatically
acquired genetic alterations (Martincorena et al., 2015;
Yates and Campbell, 2012; Zhang et al., 2017b). Many

Abbreviations

large-scale genome characterization efforts have uncov-
ered abundant genetic alterations across cancer gen-
omes, with a subset driving tumorigenesis (Kim et al.,
2013; Zack et al., 2013; Zhang et al., 2017a). Recently,
intensive attention has been drawn to non-coding
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survival, OV, ovarian serous cystadenocarcinoma; PCG, protein-coding gene; PRAD, prostate adenocarcinoma; READ, rectum
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genomic regions (Fredriksson et al., 2014) and system-
atic analysis of these loci reveals thousands of non-
coding transcripts (such as long non-coding RNAs,
IncRNAs) (Huarte, 2015; Xu et al., 2016). Accumulat-
ing studies have suggested that dysfunctional IncRNAs
are widely involved in the initiation and progression of
cancer (Huarte, 2015; Schmitt and Chang, 2016), such
as PCAT-1 for cell proliferation (Prensner et al., 2011)
and HOTAIR for tumor metastasis (Huarte, 2015).
However, compared to cancer driver genes, cancer
genomic characterization of IncRNAs is still largely
lacking.

Recent studies have reported that the genetic alter-
ation of some IncRNAs conferred a selective growth
advantage to the cancer cells in which it occurs, play-
ing an important role in the initiation and progression
of cancer (Schmitt and Chang, 2016; Yan et al., 2015).
LncRNA FALI was amplified in more than 30% of
ovarian cancers, which could promote cell prolifera-
tion by recruiting the chromatin repressor protein
BMI-1 and inhibiting the expression of CDKN/A (Hu
et al., 2014). Frequent amplification in IncRNA TERC
caused increased telomerase activity and telomere
lengthening, and finally resulted in tumor cell immor-
tality (Kim et al., 2015; Wang et al., 2013). About
10% of melanomas exhibited focal amplifications of
IncRNA SAMMSON, which regulated vital mitochon-
drial functions and increased the clonogenic potential
of melanoma cells (Leucci et al., 2016). These
IncRNAs, referred to as driver IncRNAs, are subject
to positive selection and can contribute to various
malignant phenotypes during the evolutionary process
of cancer (Schmitt and Chang, 2016; Yan et al., 2015).
Therefore, comprehensive identification of genetically
altered driver IncRNAs across distinct tumor types is
not only urgently needed, but also may promote new
diagnostic and therapeutic strategies for cancer (Yan
et al., 2015).

In sharp contrast to the functional importance of
driver IncRNAs, some IncRNAs have a neutral, or
perhaps slightly negative, fitness contribution to the
cancer cell and act as passengers. Some passenger
IncRNAs also show random or hitchhiking somatic
mutations, which can confound the analysis of cancer
drivers (Garraway and Lander, 2013; Marx, 2014; Pon
and Marra, 2015). To address this challenge, several
methods have been proposed. ExInAtor employed a
parametric statistical test to identify IncRNAs with
excess of exonic mutations, accounting for individual
mutational signatures (Lanzos et al., 2017). Onco-
driveFML integrated several functional impact scoring
metrics to identify driver regions with functional muta-
tion bias (Mularoni et al., 2016). Also, ncdDetect

A pan-cancer atlas of candidate driver IncRNAs

combined mutation frequency alongside their func-
tional impact to search for positive selection signs of
driver IncRNAs (Juul er al., 2017). All of these meth-
ods are designed to identify driver IncRNAs with
nucleotide substitutions or indels. Recently, Zhou
et al. (2017) identified driver IncRNAs by integrating
somatic copy number alterations, expression profiles,
known cancer genes and statistical controls.

In the present study, we comprehensively character-
ized the genomic alterations of IncRNAs in 5918 can-
cer patients across 11 tumor types from The Cancer
Genome Atlas (TCGA) project. We revealed a large
number of genetically altered IncRNAs with significant
effects on their gene expression. Interestingly, such
genetically altered IncRNAs were found to be mutually
exclusive with well-known cancer driver genes. The
observation of mutual exclusivity motivated us to
develop a computational method to distinguish the dri-
ver IncRNAs from the passengers. Finally, 378 geneti-
cally altered IncRNAs that were mutually exclusive
with abroad repertoire of known cancer driver genes
and exhibited consistent functional effects on cancer
hallmarks were identified in 11 cancer types. We fur-
ther assayed the candidate driver IncRNAs involved in
‘Tissue Invasion and Metastasis’ in lung adenocarci-
noma and breast cancer and compiled a systematic
catalogue of hallmark-associated candidate driver
IncRNAs publicly available through DriverLncRNA
(http://biocc.hrbmu.edu.cn/DriverLncRNA) to facili-
tate the experimental exploration, biomarker discovery
and development of IncRNA-based clinical trials.

2. Materials and methods

Based on functional redundancy hypothesis of mutual
exclusivity in pathways, we developed a four-step
method to identify cancer driver IncRNAs that were
mutually exclusive with cancer hallmark-associated
genes by integrating copy number and expression pro-
files in human cancers.

2.1. Constructing copy number alteration profile

We obtained copy number (level 3) and mRNA
expression data (level 3) for 11 cancer types [lung ade-
nocarcinoma (LUAD), ovarian serous cystadenocarci-
noma (OV), head and neck squamous cell carcinoma
(HNSC), stomach adenocarcinoma (STAD), colon
adenocarcinoma (COAD) and rectum adenocarcinoma
(READ) were merged and formed one cancer sample
set (CR), prostate adenocarcinoma (PRAD), lung
squamous cell carcinoma (LUSC), skin cutaneous mel-
anoma (SKCM), glioblastoma multiforme (GBM),
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breast invasive carcinoma (BRCA) and brain lower
grade glioma (LGG)] from TCGA (https://tcga-data.
nci.nih.gov). The IncRNA annotation (V19) was
downloaded from GENCODE (Harrow et al., 2012)
and the gene annotation was downloaded from NCBI
(https://www.ncbi.nlm.nih.gov/gene/). The expression
data of IncRNAs across the 11 cancer types were col-
lected from TANRIC (Li et al., 2015a). The detailed
sample information is shown in Table S1.

For copy number alteration (CNA), we re-imple-
mented the GISTIC algorithm (Mermel et al., 2011)
by modifying the reference genome file that contains
both protein-coding gene (PCG) and IncRNA annota-
tions. High-level amplification and homozygous dele-
tion were retained, and the dominant type of CNA
for PCGs/IncRNAs was used. We applied the same
filtering criteria to PCGs and IncRNAs. First, we
selected PCGs/IncRNAs that were altered in at least
2.5% of samples and showed detectable expression
[reads per kilobase per million mapped reads
(RPKM)] > 0.3 in at least 30% of the samples (San-
chez-Garcia et al., 2014)]. Next, we screened for
PCGs/IncRNAs whose copy number significantly
affected their expression levels using a one-tailed Wil-
coxon signed rank test with P < 0.05. On average,
231 IncRNAs and 1425 PCGs per cancer type were
found to be altered (with amplifications or deletions)
(Table S2). Finally, we constructed a binary copy
number alteration profile of these PCGs and
IncRNAs, where each row is a patient, each column
is a gene and value refers to the copy number status
of a gene in a certain sample.

2.2. Identification of hallmark-associated Gene
Ontology (GO) terms and hallmark-associated
PCGs

We obtained a list of hallmark-associated GO terms
from previous studies (Hnisz et al., 2013; Plaisier
et al., 2012) and these GO-terms were called curated
GO terms in the present study. Meanwhile, to identify
more complete hallmark-associated GO terms, we
downloaded the GO from Synapse (synl1741407) and
defined these GO-terms as candidate GO terms. Then,
for a given GO term, its average functional association
(termed functional similarity score) with curated GO
terms from each cancer hallmark was calculated by
semantic similarity using function ‘mgoSim’ in R pack-
age ‘GOSemSim’. To determine the threshold of func-
tional similarity score, we calculated the functional
similarity score for each curated term with the corre-
sponding hallmark (excluding the queried curated
term). The minimized functional similarity score (0.2)
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was used as the threshold for determining new hall-
mark-related GO terms (Fig. S1).

Similarly, PCGs derived from these hallmark-asso-
ciated GO terms were considered as hallmark-asso-
ciated PCGs. To explore whether these PCGs related
to a corresponding hallmark, enrichment analysis was
performed in five data sources (KEGG, NCI, Reac-
tome, BioCarta and GenMapp) that were downloaded
from Synapse (syn1741407) using a hypergeometric
test with a false discovery rate (FDR) < 0.05. We
found that these hallmark-associated PCGs tended to
be enriched in corresponding hallmark-associated
pathways (Fig. S2). For example, in GenMapp, PCGs
associated with the hallmark ‘Reprogramming Energy
Metabolism” were exclusively enriched in ‘Glycogen
Metabolism’.

2.3. Constructing hallmark-associated mutually
exclusive networks

To identify cancer driver IncRNAs that are mutually
exclusive with cancer-related genes with functional
redundancy, we focused on cancer hallmark associated
functions. Specifically, for each cancer type, we con-
structed 10 hallmark-associated mutually exclusive net-
works. For a given cancer hallmark, we first extracted
hallmark-associated PCGs and all IncRNAs from bin-
ary copy number alteration profile, then built a 2 x 2
contingency table and investigated their mutually
exclusive relationships (including PCG-PCG, IncRNA-
IncRNA, PCG-IncRNA). A pair of genes was
considered to be mutually exclusive if (i) they were sig-
nificantly mutually exclusive by means of the hyperge-
ometric test (P < 0.05) or (ii) their co-occurrence was
never observed in any samples (Fig. S3). Finally, the
inter-connected PCGs/IncRNAs were used to build a
mutually exclusive network associated with the specific
cancer hallmark.

2.4. Identifying mutually exclusive modules in a
hallmark-associated context

For each cancer hallmark, we identified all maximal
cliques from the corresponding mutually exclusive net-
work using function ‘maximal.cliques’ in R package
‘igraph’. These cliques were regarded as the mutually
exclusive seed sets. We started with the seed set and
then iteratively expanded the set by a greedy search
procedure in order to increase patient coverage. In
each iteration, a candidate gene list was generated
based on the following criteria: (i) the candidate gene
should appear in the binary alteration matrix; (ii) for
PCQG, it should be associated with the same hallmark
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as this clique; (iii) the alteration of candidate gene
should be significantly mutually exclusive with the
alteration of current gene sets, using a hypergeometric
test with P < 0.05; (iv) the numbers of the samples
with the genetic alteration of both the candidate gene
and any current gene should be fewer than those with
their unique alterations. Subsequently, a mutually
exclusive metric F' was calculated for candidate genes
using Eqn (1)

r'(M)

F= STy~ o

(1)

where M represents a seed set, g; indicates the ith gene
in the set M, T'(g;) denotes the number of patients in
which g; was altered, and T'(M) denotes the number of
patients who harbor genomic alterations in at least
one of the genes in M. The parameter o was set to 1
to ensure that the denominator would not be zero. We
iteratively performed greedy search to maximize F for
each time until no candidate gene was found. Finally,
permutations were carried out to test whether the
expended modules were still significantly mutual exclu-
sive. Specifically, we adopted the random strategy of
Markov chain Monte Carlo, which preserved patient-
and gene-wise alteration rates, and thus considered the
overall heterogeneity across samples. We permuted for
1000 times using R package BiRewire (Gobbi et al.,
2014). Each time, we recalculated F. The empirical P
value was obtained by calculating the fraction of times
for which F was larger than the real one. In addition,
extended modules with Bonferroni correction
FDR < 0.05 were considered as candidate mutually
exclusive modules.

2.5. Functional assessment of mutually exclusive
modules

To further confirm functional associations of the
mutually exclusive modules with cancer hallmarks, we
assessed the functional effects of the mutually exclusive
modules. For each mutually exclusive module, we
divided samples into two groups: one with genomic
alterations in at least one of the members in the mod-
ule and the other without. The differentially expressed
PCGs between the two groups were then identified
using the Bioconductor packages edger (Robinson
et al., 2010) and limma (Ritchie et al., 2015) with
voom (Law et al., 2014) correction (FDR < 0.05). The
functions enriched by these differentially expressed
PCGs (hypergeometric test with FDR < 0.05) were
determined. If the enriched functions (at least one of
the enriched GO terms) were exactly associated with
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the corresponding hallmark, the mutually exclusive
module was kept as a hallmark-associated mutually
exclusive module. Also, IncRNAs in those modules
were considered to play important roles in correspond-
ing cancer hallmarks.

2.6. Exclusion of potential confounders

To exclude potential confounders induced by proximal
known cancer drivers, we extracted 235 candidate dri-
ver IncRNAs with any transcripts overlapping protein-
coding genes on the opposite strand, or within 10 kb
at their closest point on the same strand (Lanzos
et al., 2017). In addition, their overlapped (or proxi-
mal) PCGs were also extracted. Subsequently, we
investigated whether these overlapped (or proximal)
PCGs were known drivers in corresponding cancer
types. In detail, for each cancer type, only copy num-
ber affected PCGs that were recorded in the known
driver PCG category downloaded from Cancer Gene
Census (CGC) (Futreal et al., 2004) were regarded as
driver PCGs according to the following criteria: (i) the
copy number alteration of drivers occurred in more
than 2.5% of samples; (ii) the copy number alteration
showed detectable RNA expression (RPKM > 0.3 in
at least 30% of the samples); and (iii) the copy number
alteration significantly affected RNA expression levels
by one-tailed Wilcoxon signed rank test with P < 0.05.
If the overlapped (or proximal) PCGs are known dri-
vers in corresponding cancer type, the IncRNAs identi-
fied may act as passengers. Finally, we removed some
of these potential false positives that have been
reported to promote tumorigenesis.

2.7. Cancer associated PCGs and disease
associated IncRNAs

Cancer associated PCGs were obtained from Cancer
Gene Census (Futreal ef al., 2004). To determine
whether PCGs from mutually exclusive modules were
significantly overlapped with cancer associated PCGs,
we first random selected the same number of PCGs
from candidate PCGs (i.e. PCGs appeared in binary
alteration matrix and were hallmark-associated) 1000
times. Then, empirical P value was obtained by calcu-
lating the fraction of times in which overlap was
higher than that in the real data. Disease associated
IncRNAs were obtained from Lnc2Cancer (Ning et al.,
2016). We combined driver IncRNAs identified from
all of the 11 cancers, and the significance of overlap
between driver IncRNAs and disease-associated
IncRNAs was evaluated by a hypergeometric test.
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2.8. Average size of clusters in protein—protein
interaction networks

Protein—protein interaction networks were obtained
from STRING, version 9 (Search Tool for the Retrie-
val of Interacting Genes/Proteins) (Franceschini et al.,
2013). For each cancer, we mapped PCGs from mutu-
ally exclusive modules onto the protein—protein inter-
action network and calculated the cluster size. To
determine whether PCGs from mutually exclusive
modules showed close functional similarity, we ran-
dom selected the same number of PCGs from candi-
date PCGs (i.e., PCGs appeared in binary alteration
matrix and were hallmark-associated) 1000 times, and
the empirical P value was obtained by calculating the
fraction of times in which average size of clusters was
larger than that in the real data (Andrews et al.,
2015).

2.9. Properties of driver IncRNAs

The evolutionary conservation was evaluated by 46-
way phastCons vertebrate conserved elements from
UCSC (Siepel et al., 2005). We computed average
phastCons scores for exon regions of IncRNA. The
comparison of evolutionary conservation between
IncRNAs from modules and the other IncRNAs was
performed by a two-tailed Wilcoxon signed rank test.
Similar tests were carried out for cancer associated
PCGs.

Sensitive/ultra-sensitive regions were extracted from
a previous study (PMID: 24092746) and the IncRNAs
for which its exon regions overlapped with those
regions were identified. Then, enrichment for IncRNAs
from modules in these IncRNAs was evaluated by a
hypergeometric test. Similar tests were carried out for
cancer associated PCGs.

Replication timings were acquired from a previous
study (Lawrence et al., 2013). The comparison of
replication timings of IncRNAs from modules and
other IncRNAs was evaluated by a two-tailed Wil-
coxon signed rank test. Similar tests were carried out
for cancer associated PCGs. As for replication timing
data from UCSC ENCODE tracks for MCF-7,
SK-N-SH, HepG2, IMR90, HUVEC, NHEK, K562
and Hela-S3 cell lines, we calculated the early-to-late
(E/L) ratio as (G1b+S1)/(S4 + G2) averaged over the
gene and IncRNA length as in a previous study (Li
et al., 2015b). Early and late replicated genes denote
genes or IncRNAs with an E/L ratio > | or < 1 for
all eight cell lines, respectively. For aggregation analy-
sis, we considered a IncRNA/gene as an early-repli-
cated IncRNA/gene if it was early-replicated in all
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eight cell lines, with a similar consideration for a late-
replicated IncRNA/gene. Enrichment for driver
IncRNAs/cancer associated PCGs in early replicated
IncRNAs/genes was evaluated by a hypergeometric
test.

Genome-wide DNase [-hypersensitive sites (DHSs) of
125 cell lines were directly extracted from UCSC gen-
ome browser (http://hgdownload.cse.ucsc.edu/golden
Path/hgl9/encodeDCC/wgEncodeRegDnaseClustered)).
We extracted IncRNAs that overlapped with DHS in all
125 cell lines, and enrichment for overlap was evaluated
by a hypergeometric test. Similar tests were carried out
for cancer associated PCGs.

2.10. Tissue-specificity analysis

Raw RNA-seq data in 16 normal tissues were obtained
from Illumina Human Body Map Project (HBM)
(https://www.illumina.com). The SRA file for each tis-
sue was downloaded and converted to FASTQ format
using the srRa TooLkIT (https://www.ncbi.nlm.nih.gov/
sra/docs/toolkitsoft). Reads were mapped to the human
reference genome hgl9 using TopHat, version 2.0.13
(https://ccb.jhu.edu/software/tophat) with default para-
meters (Trapnell et al., 2009). The expression of
IncRNAs was calculated using the RPKM measure. For
each driver IncRNA, we calculated normalization score
(Yanai et al., 2005) using Eqn (2):

n ( exp
> (1-)
: XDy
.. —1
normalization score = 17] (2)
n —_

where n was the number of tissues and exp; was the
expression of IncRNA in ith tissue and expn., was
the maximal expression of IncRNA among different
tissues. The comparison of tissue specificity between
driver IncRNAs from multiple cancers and driver
IncRNAs from a single cancer was performed by a
two-tailed Wilcoxon signed rank test. To explore the
tissue-specificity of cancer-specific driver IncRNAs,
we focused on whether these cancer-specific IncRNAs
had the ability to distinguish cancer samples of dif-
ferent tissues of origin. Then, a pan-cancer expres-
sion profile of 314 cancer-specific driver IncRNAs
was constructed and transformed by logig
(RPKM + 1) (Faino et al., 2016; Sun et al., 2015).
Next, the transformed expression matrix was used as
input to an unsupervised hierarchical clustering algo-
rithm using a Euclidean distance metric and com-
plete linkage. For clustering analysis, heatmaps were
produced using the heatmap.2 function from the
ggplot package in R.
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2.11. Analysis of associations with clinical factors

The pathology reports and clinical data, including
follow-up information of 11 major cancer types from
TCGA, were downloaded via the cBioPortal website
(Cerami et al., 2012; Gao et al., 2013) (http://www.cb
ioportal.org) using the R package ‘CGDS’. Patients
were stratified based on continuous copy number
alteration or expression above or below the median.
The survival curves were estimated wusing the
Kaplan—Meier method, and a log rank test was used
to analyze differences in survival time. A Cox pro-
portional hazard regression model was used in uni-
variate and multivariate analyses to determine the
impact of risk factors on overall survival and dis-
ease-free survival with adjustment for other potential
confounding factors: age, gender, grade and histologi-
cal types.

Additional glioma clinical validation data were
downloaded on 1 July 2016 from cBioPortal website
(http://www.cbioportal.org), which includes 35 disease-
free patients and 11 disease-progressed patients who
had not been used in primary analysis. Pairwise con-
tinuous mean-segment copy number variation data
were downloaded from FireBrowse website (http://
firebrowse.org). When a IncRNA overlapped multiple
segments, the average of the mean-segment value was
taken. Patients were stratified based on median contin-
uous copy number alteration, and survival curves were
estimated using the Kaplan—Meier method.

2.12. Identification of meta-genes

Because genomic proximity invariably and strongly
influences the frequency of concurrent events, we
thus combined genes that are mutated in nearly the
same patients into larger ‘meta-genes’. Specifically,
we first constructed a mutually exclusive network as
described in the text. Then, genes located in same
chromosome band and shared the same neighbor-
hood in the mutually exclusive network were merged
into a ‘meta-gene’ (Leiserson et al., 2013) and a chro-
mosome band combined with a random-selected PCG
or IncRNA that was located in a corresponding band
was regarded as a representative gene. The modules
size was calculated in a ‘meta-gene’ manner through-
out the text.

2.13. Candidate IncRNAs for functional validation

We chose LUAD and BRCA as examples and evalu-
ated oncogenic IncRNA associated with the hallmark
‘Tissue Invasion and Metastasis’ in A549 and MCF-7,
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respectively. Candidate IncRNAs were selected as fol-
lows: (i) IncRNAs were amplified in LUAD or BRCA
and associated with the hallmark ‘Tissue Invasion and
Metastasis’. (ii)) IncRNAs were amplified in corre-
sponding cells at log, ratio > 0 (i.e., A549 for LUAD
and MCF-7 for BRCA). Here, copy number
alterations of IncRNAs in cell lines were obtained
from the Cancer Cell Line Encyclopedia (Barretina
et al., 2012) (https://portals.broadinstitute.org/ccle/
home). (iii) Expression of IncRNAs in cell lines was
detectable in corresponding cell lines. The expression
of IncRNAs in AS549 was re-annotated from
GSE15805, as in a previous study (PMID: 23728290).
The expression of IncRNAs in MCF-7 was obtained
from ENCODE (Consortium, 2012) (https://www.enc
odeproject.org/experiments/ ENCSR667JTA). (iv) The
RefSeq statuses of IncRNAs were validated (https://
www.ncbi.nlm.nih.gov/gene).

2.14. siRNA transfection

MCF7 and A549 were cultured in DMEM (Gibco,
Gaithersburg, MD, USA) supplemented with 10%
fetal bovine serum (ScienCell, Carlsbad, CA, USA).
All cells were incubated at 37 °C in a humidified incu-
bator containing 5% CO,. All siRNA oligonucleotides
were signed and provided by GenePharma (Shanghai,
China). Transfections were performed using Lipofec-
tamine 3000 (Invitrogen, Carlsbad, CA, USA). Then,
7.5 puL of Lipofectamine 3000 and 75 pmol of siRNA
were used for one well of a six-well plate. The trans-
fected cells were analyzed after 48 h. The siRNA
sequences were:

Negative control siRNA:

Sense: 5-UUCUCCGAACGUGUCACGUTT-3

Antisense: - ACGUGACACGUUCGGAGAATT-¥

RP11-295G20.2 siRNA:

1#Sense: 5-GGAACAGUAAAUGGAGUAATT-3
Antisense: 5-UUACUCCAUUUACUGUUCCTT-3¥
2#Sense: 5-UCCAGUCAACCCAAAGAAUTT-3

Antisense: Y- AUUCUUUGGGUUGACUGGATT-3

RP11-429J17.7 siRNA:

1#Sense: 5-CCCAGAUAUCCUCAUCCAUTT-3
Antisense: Y-AUGGAUGAGGAUAUCUGGGTT-3
2#Sense: Y-GGAUGAACCAGGCUAUGUUTT-3
Antisense: -AACAUAGCCUGGUUCAUCCTT-3

RHPN1-AS1 siRNA:

1#Sense: 5-GGCCGAUGCUUCCAAGUUTT-3
Antisense: -AACUUUGGAAGCAUCGGCCTT-3¥
2#Sense: Y-UCUAAAUCCUGAAGGCUAATT-3
Antisense: -UUAGCCUUCAGGAUUUAGATT-3

Molecular Oncology 12 (2018) 1980-2005 © 2018 The Authors. Published by FEBS Press and John Wiley & Sons Ltd. 1985
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RP11-98D18.9:

1#Sense: 5-GCAUAUGGCGAUGAGGACUTT-3’
Antisense: Y-AGUCCUCAUCGCCAUAUGCTT-3'
2#Sense: 5-ACCAGCAGCAGAUCAAGAATT-3'
Antisense: 5-UUCUUGAUCUGCUGCUGCU
GGUTT-3

2.15. RNA isolation and real-time quantitative
PCR

Total RNA was extracted using TRIzol reagent (Invit-
rogen). cDNA was generated using EasyScript One-
Step gDNA Removal and cDNA Synthesis SuperMix
Kit (TransGene Biotech, Mallampet, Hyderabad,
India) in accordance with the manufacturer’s instruc-
tions. Real-time RT-PCR was performed using SYBR
Green reagents (Applied Biosystems, Foster City, CA,
USA) in accordance with manufacturer’s instructions.
Changes in IncRNA levels were determined by the
27A2CT method using GAPDH as the internal control.
The primers used for qRT-PCR were:

RP11-295G20.2: Forward primer: 5-ACAAGGCA
TGTTCTGCTCTG-3

Reverse primer: 5-AAATTGAAAGTGGGAAGA
CCA-3

RP11-429J17.7: Forward primer: 5-TCTCCCTATA
ATCATTCACAAG-3

Reverse primer: 5-CCAGCAAATCCCTCCTCT-3

RHPNI-AS1: Forward primer: 5-GCTCCTGGT
CATCAAGTTCCTCT-3

Reverse primer: 5-GCACAGGCACCAGAATGA
TCC-3

RP11-98D18.9: Forward primer: 5¥-GGGCGATGC
TCCATCAGTT-3

Reverse primer: 5-GCCTCCGCAAAGGAATAGA
A-3

GAPDH: Forward primer: 5-CGCTCTCTGCTC
CTCCTGTT-3

Reverse  primer:
TGT-3

5'-CCATGGTGTCTGAGCGA

2.16. Transwell migration assay

The Transwell migration assay was performed using a
Transwell system (Corning Inc., Lowell, MA, USA).
About 600 pL of complete medium was added to the
lower chamber in a 24-well plate, and 200 pL of cell
suspension (3 x 10% cell) in serum-free medium was
added to the upper chamber. After incubating for 24 h
(37 °C, 5% CO»), the membrane was taken out and
fixed with 4% paraformaldehyde for 10 min at room
temperature. After fixation, cells were stained with
0.5% crystal violet for 15 min.

Y. Deng et al.

3. Results

3.1. LncRNAs are extensively impacted by copy
number alterations

Copy number alterations affected a large fraction of
cancer genomes, activating oncogenes and inactivat-
ing tumor suppressors, and consequently contributed
to tumorigenesis. To characterize the CNAs of
IncRNAs, we analyzed single nucleotide polymor-
phism arrays of 5918 tumor samples across 11 cancer
types from TCGA project. As a result, 414 recur-
rently amplified and 290 recurrently deleted regions,
referring to a total 10 392 IncRNAs, were identified
across the 11 cancer types (Fig. 1A). An average of
3080 IncRNAs (and 4038 PCGs) per cancer type
showed copy number alterations. Especially, there
were 74 IncRNAs located in 47 recurrent regions
without any PCGs, such as chromosome 3q26.33 and
22q13.31 in GBM (Figs 1B and S4). By calculating
the CNA frequencies of IncRNAs for each cancer
type, we observed that the alteration frequencies of
IncRNAs were comparable to those of PCGs across
cancers (Fig. 1C). Remarkably, some IncRNAs exhib-
ited extremely high frequencies of CNAs, even
exceeding those of many known driver PCGs. For
example, the IncRNA with the highest alteration fre-
quency in LUSC, SOX2-OT, was amplified in 45.6%
of samples, which is higher than the cancer gene
FGFRI with frequency of 17.8%. Also, the intergenic
IncRNA PVTI showed the highest genomic amplifi-
cation frequency in OV, covering 47.2% of samples.
Other frequently altered IncRNAs included ANRIL
(deleted in 58.5% samples of GBM), MCCCI-ASI
(amplified in 46.1% samples of LUSC) and TERC
(amplified in 41.6% samples of OV).

Furthermore, we estimated the contribution of
CNAs to IncRNA dysregulation by analyzing the
correlation between IncRNA copy number and RNA
expression level in each cancer type. About 60% of
those IncRNAs exhibited positive correlations
between their expression and their copy numbers
across cancers, comparable to an average of 64.8%
for PCGs (Fig. 1D), implying that copy number
alteration was a potent contributor to IncRNA dys-
regulation in cancer. For example, IncRNA RP/I-
745C15.2 was amplified in 39.1% of samples in
GBM, resulting in an almost 50-fold increase in the
expression compared to wild-type (Fig. 1E.F). Over-
all, our results showed that, similar to PCGs,
IncRNAs were extensively affected by CNAs, suggest-
ing their potential oncogenic roles in tumorigenesis
and cancer progression.
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amplified and normal samples in GBM.

3.2. Systematically identifying mutually exclusive
modules in cancer

Mutual exclusivity among PCGs with frequent CNAs
has been widely reported (Babur et al., 2015; Ciriello
et al., 2012; Zhao et al., 2012). They often form mutu-
ally exclusive modules that deregulate common down-
stream biological pathways in human cancers, leading
to the hypothesis of functional redundancy of mutual
exclusivity (Ciriello et al., 2012; Sparks et al., 1998).
We thus speculated that such patterns could be extrap-
olated to non-coding RNAs, which will help to clarify
the oncogenic roles of IncRNAs. To answer the ques-
tion, we proposed a four-step method to identify
mutually exclusive modules among IncRNAs and
PCGs. In brief, a genomic alteration profile including
copy number changes of PCGs and IncRNAs was first
constructed by integrating genomic and transcriptomic
data. Then, by combining cancer hallmarks and the
genomic alteration profile, we constructed 10 cancer
hallmark-associated mutually exclusive networks. For
each hallmark-associated mutually exclusive network,

Molecular Oncology 12 (2018) 1980-2005 © 2018 The Authors. Published by FEBS Press and John Wiley & Sons Ltd.

(F) RP11-745C15.2 expression levels in

we identified significantly mutually exclusive modules
using a greedy search algorithm, and further assessed
their affected functions. Finally, mutually exclusive
modules that were associated with various cancer hall-
marks were established (Fig. 2).

Applying the method to the 11 cancer types, we
identified about 200 cancer hallmark-associated mutu-
ally exclusive modules per cancer type (the sizes of
modules ranged from 2 to 6) (Fig. S5A), involving a
total of 1109 PCGs and 385 IncRNAs (Table S3).
Notably, 60.5% of the modules contained IncRNAs,
of which 19.4% included more than two IncRNAs. To
exclude potential confounders induced by known can-
cer drivers, we carefully checked IncRNAs that were
located close to (or partially overlapped with) them,
leaving 378 IncRNAs. Furthermore, in each cancer, we
separately permuted CNA profile and expression pro-
file by directly permuting sample labels for PCGs or
IncRNAs. For each type of randomization, we per-
formed the corresponding randomization procedure
100 times. Then, we re-identified the predicted number
of IncRNA candidate drivers using our method. We
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found that the number of IncRNA candidate drivers
discovered here, in each cancer type, was significantly
greater than random chance (P < 0.05, permutation
test) (Fig. S6). The P values that associated mutually
exclusive modules with cancer hallmark closely fol-
lowed the expected uniform distribution (Fig. S7), sug-
gesting that low false positive prediction rates.

Similar to PCGs, in most of cancer types, these
IncRNAs tended to harbor significant higher alteration
frequencies than other IncRNAs (Figs 3A and S5B).
Moreover, IncRNAs from the mutually exclusive mod-
ules accounted for, on average, more than 51.8% of
samples. We further used the fraction of samples
explained by IncRNAs in modules to characterize the
contribution of IncRNAs in each mutual module. We
found the contributions of IncRNAs varied dramati-
cally across 11 cancer types (Fig. 3B). For example,
amplification of IncRNA SOX2-OT was mutually
exclusive with FOXAI with contribution reaching
92.1% in LUSC (Fig. 3C), whereas amplification of
IncRNA LINC-PINT was mutually exclusive with
EGFR, SGCB and CDKN2C in GBM with only 5.4%
of contribution (Fig. 3D). Notably, both of the two

A pan-cancer atlas of candidate driver IncRNAs

IncRNAs have been reported to be associated with
cancer. The overexpression of SOX2-OT increased the
colony formation ability, promoted cell cycle and facil-
itated mobility in lung adenocarcinoma cell line
(Saghaeian Jazi et al., 2016). LINC-PINT was con-
firmed to promote cell proliferation and survival by
regulating the expression of genes of the TGF-b,
MAPK and p53 pathways (Marin-Bejar et al., 2013).
Taken together, these observations indicated that
IncRNAs like PCGs were also involved in forming
mutually exclusive modules.

3.3. Genetically altered IncRNAs are frequently
mutually exclusive with known cancer driver
genes

Importantly, we observed that PCGs in these cancer
hallmark-associated mutually exclusive modules were
significantly enriched for known cancer driver genes in
most cancer types (P = 0.027, P <0.001, P =0.012,
P =0.01, P=0.007, P=0.022, P <0.001, P =0.049,
P <0.001 and P =0.002 for BRCA, GBM, HNSC,
LGG, LUSC, LUAD, OV, PRAD, SKCM and
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Fig. 3. The PCGs and IncRNAs in mutually exclusive modules across 11 major cancer types. (A) The frequencies of CNA for IncRNAs from
modules (left) and other INcRNAs (right) (*P < 0.05, permutation test). (B) Percentages of sample covered by IncRNAs in the modules. (C,D)
The modules of INcRNA SOX2-OT and LINC-PINT. Each column represents three tumor samples. (E) The percentage of PCGs from modules
(red arrow) and from permutations (curve) that overlap with cancer-associated PCGs (*P < 0.05, **P < 0.01, ***P < 0.001, permutation
test). (F) The overlap between IncRNAs from modules (n = 378) and cancer-associated IncRNAs (n = 220) with 13 869 IncRNAs as
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STAD, respectively, permutation test) (Fig. 3E). The
same results were also observed by significance enrich-
ment analyses (P =0.01, P <0.001, P =0.003,
P =0.01, P<0.001, P=0.0l, P=0.02, P=0.02,
P =0.008 and P =0.003 for GBM, LUSC, HNSC,
BRCA, OV, LUAD, CR, SKCM, LGG and STAD,
respectively, hypergeometric test) (Fig. S8). Likewise,
the IncRNAs in the modules also showed a significant
enrichment for disease-associated IncRNAs derived
from Lnc2Cancer (Ning et al., 2016) (P < 0.003,
hypergeometric test) (Fig. 3F). Furthermore, we com-
pared our results with candidate driver IncRNAs pre-
dicted by previous studies (Iyer et al., 2015; Liu et al.,
2017; Zhu et al., 2016). Three previous studies identify
cancer specific IncRNAs or functional IncRNAs
through differentially expressed transcript analysis
(‘MiTranscriptome’), or CRISPR screening strategy
[Liu et al. (CRISPRi) and Zhu et al. (CRISPRd)]. We
found that 71 IncRNAs were identified in both our
results and MiTranscriptome (P = 6.28 x 107'>, hyper-
geometric test) (Table S4). Besides, the candidates were
also significantly enriched in MiTranscriptome cancer
specific IncRNAs for five cancer types (P = 0.037,
P <0.001, P=0.009, P=0.002, P=0.032, for
HNSC, LUSC, LUAD, PRAD and STAD, respec-
tively, hypergeometric test) (Table S4). For CRISPRj,
we totally extracted 286 functional IncRNAs, among
which 27 IncRNAs were identified by our study
(P =197 x 108, hypergeometric test) (Table S5).
When comparing results using cancer type-matched
cell lines (i.e. U87 for GBM, MCF7 and MDA-MB-
231 for BRCA), we observed statistically significant
enrichments for BRCA (P = 0.005, hypergeometric
test) (Table S5) but not for GBM. Although CRISPRd
identified functional IncRNAs in the liver cancer cell
line Huh7.50C, we only found two candidates identi-
fied in our results (amplification of IncRNA
LINC00885 and AC084809.2 in HNSC and BRCA,
respectively; P = 0.30, hypergeometric test), which
may be a result of the tissue specificity of IncRNAs.
Also, our results were significantly enriched in
IncRNAs located in focal genomic alteration peaks
identified by Yan eral. (2015) (P =424 x 1074,
hypergeometric test). In conjunction with the litera-
ture, we further confirmed that many IncRNAs were
mutually exclusive with many well-known cancer dri-
ver PCGs. For example, deletion of IncRNA ANRIL
and CDK4 constituted a mutually exclusive module
associated with the hallmark ‘Self Sufficiency in
Growth Signals’ in GBM (Fig. 3H). CDK4 was ampli-
fied frequently in several cancers and was considered
to be essential for the initiation of cell cycle (Hamilton
and Infante, 2016). In line with this, ANRIL was

Y. Deng et al.

reported to promote cell proliferation (Huarte, 2015).
LncRNA NORAD, amplified in 13% of samples in
colorectal cancer, was mutually exclusive with SMAD?2
(Fig. 31). SMAD2 is a member of mitotic checkpoints,
and contributes to chromosomal instability in
nasopharyngeal carcinoma (Wang et al., 2000). The
inactivation of NORAD was sufficient to produce a
chromosomal instability phenotype (Lee et al., 2016).
In LUSC, deletion of IncRNA MIR31IHG was identi-
fied to form a mutually exclusive module affecting
hallmark ‘Genome Instability and Mutation’ (Fig. 3J).
In the mutually exclusive module, one member PCG
DBF4 plays an important role in the initiation of
DNA replication (Abbas ef al., 2013) and another
member PCG MCM3 can induce replication stress
(Alvarez et al., 2015). Consistently, the IncRNA
MIR31HG was also found to repress a DNA replica-
tion stress-associated protein INK4A4 (Montes et al.,
2015). In addition, by mapping the PCGs in the mod-
ules onto the protein—protein interaction networks, we
found that, in most cancer types, they were highly con-
nected to each other (Fig. 3G), supporting their func-
tional associations. Taken together, these findings
showed that genetically altered IncRNAs were highly
mutually exclusive with well-known cancer driver
genes, suggesting the high associations of these mutu-
ally exclusive modules with cancer and highlighting
functional redundancy of mutual exclusivity.

3.4. Cancer driver gene-like genomic properties
of IncRNAs from mutually exclusive modules

We further investigated whether IncRNAs from the
cancer hallmark-associated mutually exclusive modules
shared important genomic properties with well-known
cancer driver PCGs. We found that IncRNAs from
the mutually exclusive modules showed significantly
higher genomic conservation than the other IncRNAs,
resembling the known cancer driver PCGs (P = 0.004
and P <0.001, respectively, two-tailed Wilcoxon
signed rank test) (Fig. 4A,B). Similarly, these
IncRNAs and cancer driver PCGs were both signifi-
cantly enriched in sensitive/ultra-sensitive regions,
which exhibit depletion of common polymorphisms
and strong enrichment in disease-causing mutations
(Khurana et al., 2013) (P <0.001, hypergeometric
test) (Fig. 4C,D), suggesting that these IncRNAs from
the mutually exclusive modules were under strong
purifying selection.

Accumulating evidence shows that replication timing
shapes the landscape of tumorigenesis (Woo and Li,
2012) and many known cancer driver genes are
enriched in early-replicating regions (Woo and Li,
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2012). We thus explored replication timing of the
IncRNAs from the mutually exclusive modules using
build-in replication timing data of MutSigCV (Lawr-
ence et al., 2013). Consistent with cancer driver PCGs,
these IncRNAs were frequently located in early repli-
cating regions (P = 0.001 and P < 0.001, respectively,
two-tailed Wilcoxon signed rank test) (Fig. 4E,F). The
same results were also observed by analyzing the
Repli-seq data in tissue matching cell lines from UCSC
(P < 0.001, hypergeometric test) (Fig. S9). In addition,
using ENCODE epigenetic data, we observed that
these IncRNAs, similar to known cancer driver PCGs,
showed a high enrichment of DNase I hypersensitive
sites (P < 0.001, hypergeometric test) (Fig. 4G,H),
which has been suggested to be aberrantly regulated
during carcinogenesis (Jin et al., 2015).

Taken together, similar to known cancer driver
PCGs, IncRNAs from the cancer hallmark-associated
mutually exclusive modules were under strong purify-
ing selection, intolerant to common polymorphisms,

Molecular Oncology 12 (2018) 1980-2005 © 2018 The Authors. Published by FEBS Press and John Wiley & Sons Ltd.

replicated earlier, and displayed more open chromatin
accessibility, strongly implying their driver roles in
tumorigenesis.

3.5. Candidate driver IncRNAs contribute to
hallmark functions in a cancer-specific manner

We next analyzed the distribution of candidate driver
IncRNAs across various cancer types. As a result, up to
81.7% (309/378) of candidate driver IncRNAs occurred
in only one cancer type, whereas 18.3% (69/378) were
identified in multiple cancer types (Fig. 5A). Tissue
specificity analysis indicated that cancer-specific candi-
date driver IncRNAs showed significantly higher tissue-
specific expression levels compared to common candi-
date IncRNAs (P = 0.029, two-tailed Wilcoxon signed
rank test) (Fig. 5B), indicating a tissue-specific pattern
of cancer-specific candidate driver IncRNAs. An unsu-
pervised hierarchical clustering based on the expression
of these cancer-specific candidate driver IncRNAs
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successfully clustered cancer patients according to tissue
type (Fig. 5C). Principle component analysis further
confirmed the highly significant correlations among
cancers with different tissues of origin (Fig. 5D).

For example, a LUAD specific IncRNA NKX2-1-
AS1 showed a 4.53-fold increase of expression in
LUAD compared to other cancer types (P < 0.001,
two-tailed Wilcoxon signed rank test) (Fig. SE). A
GBM specific IncRNA RPI11-571M6.8 displayed a
more than 2.7-fold increase of expression in neural
tumors relative to other cancer types (P < 0.001, two-
tailed Wilcoxon signed rank test) (Fig. 5F). Interest-
ingly, these two candidate driver IncRNAs RPII-
57IM6.8 and NKX2-1-AS1 were mutually exclusive
with a common gene CDKN2A with frequent genetic
alterations (> 10%) (Fig. 5G-I) in GBM and LUAD,
respectively, affecting the same cancer hallmark ‘Insen-
sitivity to Antigrowth Signals’. Indeed, more than
60.8% (188/309) of specific candidate driver IncRNAs
had common mutually exclusive partners, affecting the
same hallmarks, in different cancer types, highlighting
the functional importance of tissue specific IncRNAs.
Moreover, these cancer specific IncRNAs could also
participate in unique hallmark functions that are essen-
tial in corresponding cancer types. For example, in
GBM, amplification of RP11-745C15.2 and deletion of
CDKN2B-AS1 were both associated with the hallmark
pathway of ‘ceramide biosynthetic process’, which was
reported to promote apoptosis in glioblastoma (Sordillo
et al., 2016), whereas, in PRAD, deletion of IncRNA
AC003102.3, RGMB-ASI, and DLGS5-ASI] was all
related to the hallmark pathway of ‘Urogenital System
Development’, during which the dysfunction in cell lin-
eage specification predisposed prostate epithelia to
hyperplasia and cancer (Brechka et al., 2016). These
findings suggested that these specific IncRNAs play
important roles in contributing to the deregulation of
tissue-specific functions during the tumorigenesis.

In comparison to specific IncRNAs, the common
candidate driver IncRNAs affected more hallmark
functions (P < 0.001, two-tailed Wilcoxon signed rank
test) (Figs 6C,D and S10). A common candidate driver
IncRNA PVTI was found to be associated with all of
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the 10 hallmarks (Fig. S11), among which ‘Genome
Instability and Mutation” (Tseng et al., 2014), ‘Self
Sufficiency in Growth Signals’ (Cui et al., 2016),
‘Evading Apoptosis’ (Liu ez al., 2015) and ‘Tissue
Invasion and Metastasis’ (Liu et al., 2015) have been
validated previously. Moreover, 92.8% (64/69) of these
common candidate IncRNAs affect the same hallmarks
in multiple cancers (Fig. 6D). To our surprise, no
common mutually exclusive partners were observed for
any common driver IncRNA when affecting the same
hallmark (Fig. 6A,B). For example, the common can-
didate driver IncRNA PVTI was associated with the
hallmark ‘Genome Instability and Mutation’ in three
cancer types (OV, LUAD and HNSC). In OV, PVTI
was mutually exclusive with CCNE! (Fig. 6E,F) and
deregulation of CCNEI expression led to genomic
instability via mitotic delay (Caldon et al., 2013).
However, in LUAD, PVTI exhibited mutually exclu-
sive with CDKN2A (Fig. 6E,G), which induced DNA
replication stress and subsequently contributed to
genomic instability. In HNSC, PVTI, BORA and
FATI, constituted a mutually exclusive module
(Fig. 6E,H), among which, BORA was involved in
repair of double-strand breaks (Cairns et al., 2015).
This suggested that common candidate driver
IncRNAs formed mutually exclusive modules with dif-
ferent PCGs in different cancers to affect the same
cancer hallmarks.

3.6. Clinical benefits of candidate driver IncRNAs

To assess whether candidate driver IncRNAs can be
used to improve clinical outcome, we performed uni-
variate and multivariate Cox regression analyses to
evaluate their independent prognostic significance for
overall survival (OS) and disease-free survival (DFS).
We identified 71 candidate driver IncRNAs that were
significantly predictive of OS or DFS (Table S6).
Specifically, in LGG, amplification of candidate driver
IncRNA AC000123.4 conferred a poor prognosis to
patients with glioma (P < 0.001 for DFS, log-rank
test) (Fig. 7A). The median recurrence-free interval of
AC000123.4 amplification patients was 39.6 months

Fig. 5. Cancer-specific driver IncRNAs. (A) The distribution of driver IncRNAs that were identified from single or multiple cancers. (B) The
difference of tissue specificity score between cancer-specific driver IncRNAs and common driver IncRNAs. (C) Hierarchical clustering of the
expression data based on cancer-specific driver IncRNA. (D) Principal component analysis of cancer-specific driver IncRNAs showing
clustering of tumors from the same or related cancer types. (E,F) Box plots showing the expression of cancer-specific INcRNA NKX2-1-AS1
(LUAD) and RP11-571M6.8 (GBM). (G) Copy-number profiles of NKX2-1-AS1 (upper) and RP11-5671M6.8 (lower), respectively, from LUAD
and GBM specimens and their genome browser shots. The positions of INcRNA NKX2-1-AS1 and RP11-571M6.8 are shown inside the red
boxes. (H,I) The mutually exclusive modules of cancer-specific IncRNA NKX2-7-AST (upper) and IncRNA RP11-571M6.8 (lower). Each

column represents three tumor samples for GBM and one for LUAD.
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Fig. 6. Common driver IncRNAs. (A,B) Mutually exclusive relationship from modules associated with each cancer hallmark. (C) Box plots
showing the difference of the number of hallmarks affected by cancer-specific driver IncRNAs and common driver IncRNAs. (D) Hallmarks
affected by common driver IncRNAs. Intensity of the red color corresponds to the number of cancers shown in the legend. (E) Copy
number profiles of PVT1 from OV, LUAD and HNSC specimens and its genome browser shot. The positions of IncRNA PVT1 are shown
inside the red boxes. (F-H) The mutually exclusive modules of IncRNA PVT1 from LUAD, HNSC and OV, respectively. Each column
represents three tumor samples for OV: two for LUAD and one for HNSC.
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Fig. 7. Clinical benefits of driver IncRNAs. (A) Kaplan—-Meier plot of DFS of LGG patients grouped by copy number status of IncRNA
AC000123.4. (B) The expression of AC000123.4 was correlated with copy number alterations. (C) Kaplan—-Meier plots of DFS of LGG
patients grouped by expression of INcRNA AC000723.4. (D) Copy number profile of AC000123.4 from LGG specimens and its genome
browser shot. The positions of IncRNA AC000123.4 are shown inside the red boxes. (E) The mutually exclusive module of IncRNA
AC0007123.4 and EGFR. (F) The samples covered by mutually exclusive modules containing AC000123.4 and EGFR, showing poor
prognosis. (G) Kaplan-Meier plots of DFS of LGG patients grouped by copy number status of EGFR. (H) Kaplan—-Meier plots of DFS of LGG
patients without EGFR alteration, grouped by copy number status of AC0007123.4.
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[95% confidence interval (CI) = 35.6-63.8], whereas
that of AC000123.4 diploid patients was 68.9 months
(95% CI = 44.5-100.9). Multivariate Cox proportional
hazards models further showed that A4C000123.4
amplification had a poor effect on DFS (hazard ratio
(HR), 1.99, 95% CI = 1.38-2.88) (Table S7) indepen-
dent of the patient’s age, gender and pathologic stages.
Moreover, its expression was significantly up-regulated
in tumors with AC000123.4 amplification (P = 0.002,
Student’s t test) (Fig. 7B). Likewise, we observed that
up-expression of 4C000123.4 in LGG was also signifi-
cantly associated with decreased survival in patients
(P <0.001 for DFS, log-rank test) (Fig. 7C), indepen-
dent of the patient’s age, gender and pathologic stages
(Table S8). Additional data also supported the prog-
nostic relevance of 4C000123.4 amplification for DFS
(Fig. S12).

In our results, the amplification of AC000123.4 was
mutually exclusive with EGFR (Fig. 7D.E), affecting
hallmark ‘Sustained Angiogenesis’. Their constituted
mutually exclusive module was associated with poor
survival (Fig. 7F). Activated EGFR increased the pro-
duction of tumor-derived VEGF that acts on endothe-
lial cells in a paracrine manner to promote
angiogenesis (Larsen et al., 2011) and amplification of
EGFR also indicated poor prognosis in glioma (Sun
et al., 2014) (Fig. 7G). Interestingly, in EGFR wild-
type samples, amplification of 4C000123.4 is associ-
ated with a worse prognosis (DFS: HR = 1.86, 95%
CI = 1.26-2.76, P =0.0018) (Fig. 7H and Table S9),
independent of the patient’s age, gender and patho-
logic stages. The median recurrence-free interval of
AC000123.4 amplification patients without EGFR
amplification was 42.9 months (95% CI = 38.90-74.8),
whereas that of 4C000123.4 diploid patients without
EGFR  amplification  was  72.0 months  (95%
CI = 44.55-not reached), suggesting a complementary
prognostic role of 4C000123.4 to EGFR.

3.7. DriverLncRNA: a comprehensive landscape of
hallmark-associated candidate driver IncRNAs

Our above observations indicated that these geneti-
cally altered IncRNAs may substantially contribute to
tumorigenesis by inducing similar functional effects
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with known cancer driver PCGs in a mutually exclu-
sive manner, suggesting their cancer-driving roles. As
a proof of concept, we validate driver roles of the
IncRNAs associated with the hallmark ‘Tissue Inva-
sion and Metastasis’ in lung adenocarcinoma and
breast cancer using corresponding A549 and MCF-7
cell lines, respectively. Indeed, to eleminate inconsis-
tency, candidate driver IncRNAs with inconsistent
copy number and/or expression between cancer tissue
and cell lines (Zhao et al., 2017) were filtered. For
the remaining nine IncRNAs, three IncRNAs,
FAMS83H-ASI, CASC9 and PVTI, have been con-
firmed to promote cell invasion and metastasis.
Finally, three IncRNAs (RP11-98D18.9, RHPNI-ASI
and RPI11-429J17.7) in lung adenocarcinoma and
three IncRNAs (RPI11-98D18.9, RP11-295G20.2 and
LINCO00578) in breast cancer were evaluated, both
containing a common IncRNA RP[I1-98D18.9. Two
independent siRNAs were transfected to avoid off-
target effects, and the efficiencies of IncRNAs deple-
tion were assessed by quantitative PCR. As a result,
cell migration was significantly reduced by depletion
of five of these IncRNAs in lung adenocarcinoma
and breast cancer cell lines, as shown by a Transwell
migration assay (P < 0.05, unpaired Student’s test)
(Fig. 8A).

Taken together, these 378 candidate driver IncRNAs
from the cancer hallmark-associated mutually exclusive
modules can serve as an excellent resource for further
investigation (Fig. 8B). To facilitate the full explo-
ration for the scientific community, we have deposited
these candidate driver IncRNAs and their associated
mutually exclusive modules across 11 cancer types in a
public resource DriverLncRNA (available at http://
biocc.hrbmu.edu.cn/DriverLncRNA). We hope and
expect that these data-sharing efforts will drive the
research with respect to tumor mechanisms, as well as
promote the identification of promising drug targets
and the development of more effective treatment
options for the benefit of patients.

4. Discussion

In the past decades, the emerging roles of IncRNAs
in cancer have broadened our conceptions of

Fig. 8. A comprehensive landscape of driver INcRNAs. (A) Validation of IncRNAs that are associated with the hallmark ‘Tissue Invasion and
Metastasis’ in Ab49 and MCF-7 cell lines, respectively. A quantitative PCR assay was performed to assess the efficiencies of IncRNAs.
GAPDH acted as internal control. The Transwell migration assay was performed to assess the migration assay. Cells were fixed and stained
with crystal violet. Representative photographs (magnification, 100x) are shown. The number of migration cell was counted. Data are
presented as the mean 4 SD of three independent experiments (**P < 0.01, ***P < 0.001, unpaired Student’s t test). (B) A comprehensive
landscape of hallmark-associated driver IncRNAs in 11 cancer types. For each cancer type, 10 representative driver IncRNAs are shown.
The color and size of the circle indicate cancer hallmarks and CNA frequencies in orresponding cancer type.
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tumorigenesis. However, an identification the driver
genetic events in IncRNAs that provide fitness advan-
tages and promote clonal extension during canceroge-
nesis is largely lacking. In the present study, we
performed the largest systematic analysis of genetically
altered IncRNAs by analyzing more than 5000 samples
across 11 cancer types from TCGA. We identified, for
the first time, a total of 378 candidate driver IncRNAs
based on functional redundancy of mutual exclusivity
with known cancer driver PCGs. These candidate dri-
ver IncRNAs share a series of genomic features.
including evolutionary conservation, early replication
and open chromatin accessibility with known cancer
driver PCGs. Our study expands the catalog of
genetic events implicated in cancer development,
opens new avenues for understanding the functional
roles of IncRNAs in tumorigenesis, and thus serves
as a valuable resource to direct more in-depth
experimentation.

It should be noted that whether driver IncRNAs
exist remains a complex controversial issue. According
to the definition provided in Vogelstein et al. (2013),
driver gene mutation can confer selective growth
advantage to the cells in which it occurs. Recent accu-
mulating evidence did reveal that several IncRNAs
with genetic alterations can confer selective growth
advantage, satisfying the definition of drivers. For
example, IncRNA FALI amplified in ovarian cancers
could promote cell proliferation by recruiting the chro-
matin repressor protein BMI-/ and inhibiting the
expression of CDKNIA (Hu et al., 2014). Focal ampli-
fications of IncRNA SAMMSON were observed in
approximately 10% of melanomas, which increased
the viability of melanoma cells by regulating vital
mitochondrial functions (Leucci et al., 2016). Also, the
concept of ‘driver IncRNAs’ was frequently noted and
discussed in recent published reviews (Lin and Yang,
2018; Schmitt and Chang, 2016). Accordingly, we rea-
soned that driver IncRNAs actually exist. With the
accumulation of whole genome sequence data and an
understanding of the molecular mechanism of
IncRNAs, more driver IncRNAs may be reported in
the future.

However, the key to identifying driver IncRNAs
comprises making a distinction from passenger
IncRNAs and some non-driver cancer IncRNAs that
functionally contribute to cancer phenotypes without
driver roles. By definition, driver IncRNAs are able to
provide selective growth advantage to cancer cells by
contributing to various malignant phenotypes, whereas
non-driver cancer IncRNAs are not. Recurrence is con-
sidered as one potential sign of positive selection
among tumors (Dees et al., 2012; Fu et al., 2014),
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therefore, functional IncRNAs with recurrent genetic
alterations are more likely to be driver IncRNAs,
instead of non-driver cancer IncRNAs. With the aim
of identifying driver IncRNAs, our method considers
IncRNAs that show recurrent copy number alteration,
exhibit mutually exclusive patterns with known cancer
drivers, and affect various cancer hallmarks. More-
over, the candidate driver IncRNAs identified in the
present study shared similar genomic patterns with dri-
ver PCGs and could thus serve as an excellent candi-
date for further investigation using functional and
mechanistic experiments.

Somatic copy number variations are one of the
major source of genetic alteration that contributes to
the neoplastic process (Kim et al., 2013; Zack et al.,
2013). Several studies have revealed some IncRNAs
with CNA playing driver roles during tumorigenesis.
Driver IncRNA PVTI was amplified in 18.8% of pan
cancers, and gain of PV'TI was required for by stabi-
lizing MYC protein (Tseng et al., 2014). IncRNA
NORAD, amplified in 8% of colorectal adenocarci-
noma, regulated genomic stability by sequestering
PUMILIO protein (Cerami et al., 2012; Lee et al.,
2016; Tichon et al., 2016). Other driver IncRNAs with
frequent CNA promoted the growth of cancer cells,
including BCALS (Yan et al., 2015), and SOX20T
(Hou et al., 2014; Wu et al., 2018a). Importantly, most
of these known CNA driver IncRNAs were also identi-
fied in the present study, highlighting the efficiency of
our methods. CNA driver IncRNA FALI and SAM M-
SON were not identified by our method, and they pos-
sibly follow other genomic patterns rather than mutual
exclusivity.

Our results demonstrate that IncRNAs underwent
numerous genetic alterations and were extensively
involved in mutual exclusivity with well-known cancer
driver PCGs. The recent application of massively par-
allel next-generation sequencing to a growing number
of cancer genomes has revealed abundant mutually
exclusive genetic alteration events (Cancer Genome
Atlas, 2012; Network, 2013; Ping et al., 2014), includ-
ing numerous known cancer driver genes, such as RAS
and TP53. These mutually exclusive genetic alterations
can affect similar downstream pathways, exhibiting
strong functional redundancy (Ciriello et al., 2012).
Such functional redundancy of mutual exclusivity can
be explained according to the clonal evolution hypoth-
esis of tumor progression (Gillies et al., 2012). When
damage of a driver gene is sufficient to disturb the
activity of certain key pathways, other gene alterations
with similar functional consequences will offer no fur-
ther selective advantage on that clone; that is the selec-
tion pressure on these other alterations could be
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diminished or even nullified during tumor evolution
(Ciriello et al., 2012; Remy et al., 2015). Therefore,
mutual exclusivity is a common and informative phe-
nomenon during cancerogenesis (Deng et al., 2017),
which has important implications for the functional
exploration of IncRNAs in cancer pathogenesis, and
helps to uncover novel drivers and decipher their
downstream functions.

Notably, using mutual exclusivity, we captured a
subset of less frequently altered candidate driver
IncRNAs (in < 5% of the samples). Among these,
LINC-PINT (amplified in 3.3% samples of GBM),
TRAF3IP2-AS1 (deleted in 2.8% samples of LUAD)
and TP537GI (amplified in 4.0% samples of LUSC),
which have been recorded in known cancer IncRNA
databases, were nominated for mutual exclusivity with
established cancer PCGs, such as EGFR for LINC-
PINT, PIP5KIA for TRAF3IP2-AS] and BCL2 for
TP53TG1, suggesting that these infrequent candidate
driver IncRNAs harbored functionally redundant
genetic lesions with known cancer PCGs and conferred
similar selective growth advantage for tumor cells.
Hence, identifying candidate driver IncRNAs based on
mutual exclusivity has provided additional clues about
the mechanisms underlying tumorigenesis, allowing
more samples to be covered and explaining previously
uncharacterized patients. In addition, 71 candidate dri-
ver IncRNAs were predictive of survival in various
cancer types. Especially, both amplification and high
expression of candidate driver IncRNA AC000123.4
indicated poor survival in LGG, independent of clini-
cal characteristics and molecular markers.

The complexity of cancer can be simplified into sev-
eral distinctive and complementary capabilities
(‘cancer hallmarks’) that enable tumor growth and
metastasis (Hanahan and Weinberg, 2000, 2011).
Accumulating evidence has shown that a group of
IncRNAs contribute to the cancer hallmarks (Bhan
et al., 2017; Schmitt and Chang, 2016). In the present
study, hallmark-associated mutually exclusive networks
help not only to identify candidate driver IncRNAs,
but also to determine their roles in the cancer hall-
marks. Generally, all of the 10 hallmarks were affected
by several candidate driver IncRNAs, with ‘Genome
Instability and Mutation’ for the most numerous can-
didate driver IncRNAs and ‘Limitless Replicative
Potential’ for the least numerous ones. In LUAD, can-
didate driver IncRNA CASCY9 was associated with the
hallmark ‘Self Sufficiency in Growth Signals’, which
could be confirmed by the phenomena that CASC9
promoted lung adenocarcinoma cell proliferation
(Zhou et al., 2018). In BRCA, LINC01133 that inhib-
ited epithelial-mesenchymal transition was found to
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affect hallmark ‘Tissue Invasion and Metastasis’
(Kong et al., 2016). As proof of principle, we success-
fully validated five out of six candidate driver
IncRNAs that were associated with the hallmark ‘Tis-
sue Invasion and Metastasis’ in lung adenocarcinoma
and breast cancer. Moreover, GO terms assigned to
each hallmark allow us to explore more specific mech-
anisms. For example, in the hallmark ‘Evading
Immune Detection’, we found that GO term ‘regula-
tion of defense response to virus’ was only affected by
mutually exclusive modules in HNSC, which is consis-
tent with the prevalence and the roles of human papil-
lomavirus in directly inhibiting innate immune system
for this cancer type (Bodily and Laimins, 2011; Max-
well et al., 2016). Similarly, GO term ‘neurotransmitter
secretion’ in the hallmark ‘Self Sufficiency in Growth
Signals” was unique to GBM and LGG, in which neu-
rotransmitters such as dopamine and GABA, have
proved to govern cell proliferation (Dolma et al.,
2016; El-Habr et al., 2017).

The hallmark-associated driver IncRNAs generated
in the present study could facilitate experimental explo-
ration of IncRNAs in cancer pathogenesis. Further-
more, their mutually exclusive partners could provide
important implications for our mechanical understand-
ing of cancer IncRNAs. In the results of the present
study, driver IncRNA PVTI was mutually exclusive
with CDKN2A in LUAD, and with CCNE1 in OV.
Both CCNEI and CDKN2A could contribute to geno-
mic instability by DNA replication stress. A previous
study has demonstrated that PVTI epigenetically
repressed the expression of CDKN2A by binding to the
EZH2 (Kong et al., 2015); therefore, amplification of
PVTI and deletion of CDKN2A could consistently trig-
ger the expression abnormality of CDKN2A and in
turn lead to genomic instability. Similarly, amplifica-
tion of PVTI was indispensable for the stability of
MYC (Tseng et al., 2014), which could influence the
expression of CCNE! (Benaud and Dickson, 2001).
Hence, PVT1 may share downstream effects with the
amplification of CCNEI. Interestingly, CCNEI suf-
fered much more frequent CNA (24.6%) than
CDKN2A (4.5%) in OV, whereas the opposite trend
was observed in LUAD (5.8% and 19.0% for CCNEI
and CDKNZ2A, respectively), indicating that amplifica-
tion of PVTI may dysregulate different downstream
genes, which in turn contribute to cancer development.

Other non-coding RNAs, such as miRNAs that reg-
ulate complementary mRNAs by inducing transla-
tional repression and mRNA decay, also play
indispensable oncogene roles in tumorigenesis (Iwa-
kawa and Tomari, 2015). Therefore, we systematically
examined miRNA located in the genomic regions of
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candidate driver IncRNAs identified in the present
study. As a result, a total of 12 miRNAs were found
to be embedded in genomic regions of seven IncRNAs
(Table S10). Through comprehensive literature annota-
tion for these miRNAs and IncRNAs, we found that
two IncRNAs (PVTI1 and MIR31HG) and the embed-
ded five miRNAs (hsa-mir-1204, hsa-mir-1205, hsa-mir-
1206, hsa-mir-1207; hsa-mir-31) play oncogenic roles
that were widely confirmed by previous studies (Guan
et al., 2007; Kong et al., 2015; Liu et al., 2018; Shih
et al., 2017; Valastyan et al., 2009; Wu et al., 2018b;
Yamagishi et al., 2012; Yan et al., 2017). These find-
ings suggest that both of these IncRNAs and derived
miRNAs contribute to tumorigenesis, although, for
IncRNAs LINC00969, U47924.29 and LINC00669, we
did not find evidence of oncogenic roles recorded in
literature. By contrast, their derived miRNAs (includ-
ing hsa-mir-570, hsa-mir-200c, hsa-mir-141 and hsa-
mir-924) were reported to play roles in tumorigenesis
(Table S10), suggesting that these derived miRNAs,
rather than the IncRNAs, are the potential drivers.
Interestingly, IncRNA (RABI11B-AS1) was markedly
down-regulated in human osteosarcoma, and was
recently confirmed to be associated with proliferation,
migration, invasiveness and apoptosis of cell (Chen
et al., 2018), whereas its derived hsa-mir-4999 was not
found to be implicated in any cancer.

5. Conclusions

In summary, the present study represents a proof-of-
principle study for identifying candidate driver
IncRNAs through integrative analyses of genomic,
transcription datasets and cancer hallmarks. The com-
prehensive landscape of candidate driver IncRNAs and
their constituted cancer hallmark-associated mutually
exclusive modules (freely accessed at the database Dri-
verLncRNA, http://biocc.hrbmu.edu.cn/DriverLnc
RNA) provide a useful resource for an understanding
of cancer mechanisms, which would also lead to clini-
cal benefits in diagnosis, prognosis and treatment, as
well as contribute further to personalized medicine.
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