








MicroRNA expressions are associated with CNVs of
chromosomes 7, 10 and 11

Like protein-coding genes, microRNA expressions can
also be modulated by effector molecular aberrations on
DNAs. We used the module–discovery algorithm to
microRNA expression data and identified 22 modules
associated with cis-acting and trans-acting effects of
CNVs (Supplementary Table S16). The size of each asso-
ciation module and the total number of microRNA ex-
pressions explained by CNVs are considerably smaller
than those of mRNAs. The largest module consists of 19
target microRNAs, and only 114 microRNAs (13.95%)
are targets in association modules, as compared with
6331 protein-coding genes (27.89%) included in associ-
ation modules. However, the dominant chromosomes in
CNV associations remain invariant between mRNA and
microRNA modules: chromosomes 7, 10 and 11. The
results suggest that the mechanisms of modulating RNA
expressions through DNA copy number changes are likely
similar between mRNAs and microRNAs.

DISCUSSION

The inferred association modules simultaneously recapitu-
late critical molecular aberrations in GBM and map their

presence and absence among predefined molecular
subtypes. Table 3 combines the results of Table 2 and
Figure 6 and summarizes the molecular aberrations in
the four GBM transcriptional subtypes and G-CIMP
positive tumors. GBM is typically characterized by
chromosome 7 amplification, chromosome 10 deletion
and NF1 loss-of-function mutations (9), (8,10,11). All
these molecular aberrations become effectors of associ-
ation modules. Beyond these well-known molecular aber-
rations, several other association modules reveal the
effects of less well-known effectors: chromosome 11
deletion, chromosome 19 amplification, methylations of
ZNYND10, RBP1, PLXNB1, CD40, GSTM1 and expres-
sions of mir-181a, mir-21, mir-22. RBP1 is among the
most differentially hyper-methylated and downregulated
genes in G-CIMP positive tumors (7). PLXNB1 encodes
plexin, a receptor for the semaphorin signals guiding
axonal growth (52). In melanoma, PLXNB1 blocks
tumorigenesis by inhibiting the MAP kinase pathway
and controlling the extracellular matrix (53). CD40
encodes a TNF receptor essential in mediating a variety
of immune and inflammatory responses (54). CD40 pos-
sesses multiple functions promoting tumorigenesis and
progression including inflammatory response, repression
of TNFa-induced apoptosis (55) and angiogenesis (56).

Figure 7. Molecular aberrations specific to GBM. The heat maps display the expressions of targets in the CNV cis-acting modules of chromosomes
7, 10, 14 and 19 and the expressions of RBP1 on two CNS data sets GSE16011 and GSE4412. GBM (left) and non-GBM glioma (right) samples are
separated by yellow lines. The histograms of the expressions among GBM (blue curves) and non-GBM (red curves) samples are also displayed.
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GSTM1 encodes glutathione S-transferase mu 1, an
enzyme catalyzing the biosynthesis of glutathione.
Glutathione is an antioxidant protecting cells from the
damage caused by reactive oxygen species. Previously,
deletion and sequence polymorphisms on GSTM1 were
reported in gliomas (57,58). Mir-21 is reported to have
elevated levels in glioma cells (59) and can promote
axonal growth as well (60).
The target gene expressions of association modules are

also aligned with documented characteristics of GBM mo-
lecular subtypes. For instance, in Table 3, classical
subtypes possess pronounced chromosome 7 amplification
and chromosome 10 deletion, proneural subtypes have
TP53 mutations and mesenchymal subtypes harbor NF1
mutations (6). Moreover, alignment between association
modules and CpG island methylator phenotypes reveals
multiple concerted molecular aberrations on the G-CIMP
positive samples. G-CIMP positive tumors typically lack
chromosome 7 amplification, chromosome 10 deletion and
NF1 mutation, but harbor methylations of RBP1, CD40
and GSTM1. Curiously, G-CIMP positive samples
contain disproportionally frequent TP53 mutations (8 of
21 or 38.1%) compared with G-CIMP negative samples
(35 of 224 or 15.62%).
Directions of associations between target gene expres-

sions and survival times generally agree with the
implicated consequences of effector molecular aberra-
tions. Short survival times are likely caused by activation
of oncogenes—EGFR amplification on chromosome 7
(4,5,61), mir-21 upregulation (59), CD40 hypo-methyla-
tion (55,56)—or inactivation of tumor suppressors—
PTEN loss on chromosome 10 (2,8–11), NF1 mutation
(2), (8), PLXNB1 hyper-methylation (53). In contrast,
long survival times demand concurrent absence of all
these molecular aberrations.
The functional consequences of molecular aberrations

successfully explain the predictive power of the G-CIMP
phenotypes for prognostic outcomes. Concerted hyper-
methylation on CpG islands is a biomarker co-occurred
with other benign molecular features (lack of chromosome
7 amplification, chromosome 10 loss, NF1 mutation, etc.).
Therefore, the predictive power of each single module
(Figure 4) is explained away by the G-CIMP phenotype
(Supplementary Figure S8). Tumors carrying the joint
hallmark of 16 modules are highly overlapped with
G-CIMP positive tumors. In addition, G-CIMP negative

tumors carrying the joint hallmark yield superior prognosis
than the remaining G-CIMP negative tumors (Supple-
mentary Figure S9). Furthermore, the joint expression
hallmark derived from 16 association modules can be
reduced to four modules without sacrificing its prognostic
power (Supplementary Figure S10). Downregulation of
modules 11 and 42 and upregulation of modules 12 and
14 suffice to segregate the 10 G-CIMP negative tumors
with long survival times from the remaining G-CIMP
negative samples. From these observations, we propose
that a joint hallmark derived from 16 (or 4) association
modules can faithfully predict GBM prognostic outcomes.

Another striking finding from our analysis is
pronounced activities of the immune system in inferred
modules and their significant associations with survival
times. GBM is typically characterized with a strong im-
munosuppressive microenvironment (1,62,63). Chromo-
somes 10 and 11 CNVs are positively associated with
expressions of many immunity or inflammation related
genes on other chromosomes. Furthermore, effectors of
modules 42 (CD40) and 43 (GSTM1) are also involved
in inflammatory responses. Conventional wisdom often
links chromosome 10 loss with inactivation of PTEN
(2,8–11) and views activation of the PI3K/Akt/mTOR
pathway through PTEN mutations as the primary cause
of immune suppression in GBM (64,65). Our study
suggests that PTEN might not be the only key regulator
gene on chromosome 10, as neither PTEN expression nor
PTEN mutation is strongly associated with target gene
expressions. Other candidate regulators on chromosome
10 such as CXCL12 and BLNK retain strong associations
with chromosome 10 CNVs and target gene expressions
across multiple data sets. Alterations on those genes may
directly modulate immune responses in addition to the
effect of the PI3K/Akt/mTOR pathway.

Observations from survival analysis, however, are para-
doxical. All the association modules enriched with
immune/inflammatory response genes—modules 1, 2, 41
and 42—are also negatively associated with survival times.
This observation seems to contradict with the nature of an
immuno-deficient microenvironment of GBM. However,
immune/inflammatory responses can both promote
tumorigenesis by fostering angiogenesis, cancer cell prolif-
eration and invasiveness (66) and suppress/attack cancer
cells presenting specific antigens (63). In GBM, the cancer-
promoting characteristics of immune/inflammatory

Table 3. Molecular aberrations of the four GBM transcriptional subtypes and G-CIMP positive tumors

Classical Neural Proneural Mesenchymal G-CIMP+ G-CIMP+ absent

chr 7 + chr 7 + chr 11 � PLXNB1met chr 11 � chr 7 +
chr 9 � chr 14 � NF1mut chr 14 � chr 8 +
chr 10 � ZMYND10met mir-21/22 + ZMYND10met chr 10 �
chr 19 + RBP1met RBP1met chr 19 +
TWIST1met FESmet FESmet NF1mut

CXCL12met CD40met mir-181a + PLXNB1met

CD40met GSTM1met CD40met mir-21/22 +
TP53mut GSTM1met

mir-181a + TP53mut

The last column reports the molecular aberrations absent in G-CIMP positive tumors.
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responses seem to dominate the progression of tumors.
These observations can be attributed to the canonical
theory of the effects of inflammation on tumorigenesis,
and recent findings about strong couplings of the KRAS
signaling pathway and innate immune signaling (67).
More refined investigation is required to determine the
effects of antagonistic interactions for immune/inflamma-
tory responses.

There are several limitations in the data and methods of
the current study. First, intratumoral heterogeneity
among cancer, stromal and immune cells is not con-
sidered. Interactions between multiple cell types are
critical for tumor progression but cannot be unraveled
with the population-averaged TCGA data. Second, prog-
nostic prediction among the majority of G-CIMP negative
patients remains poor. The wide range of survival times
among this group (though generally lower than G-CIMP
positive patients) cannot be further stratified by associ-
ation modules or transcriptional subtypes. Third, causal
and mechanistic links between molecular aberrations
remain unknown, as longitudinal data of tumor evolution
and intervention experimental data are unavailable.

To sum up, cross-sectional, static, observational and
coarse-grained TCGA data supply rich information of
molecular characteristics of cancer genomes. Yet, they
are unable to tackle several central issues of contemporary
cancer research, such as evolution of cancer genomes, het-
erogeneous interactions between tumors and microenvir-
onment, emergence and development of cancer stem cells
and acquisition of drug resistance. New experimental
technologies and computational methods will enable sci-
entists to study these questions and hopefully acquire sys-
tematic understanding and treatment strategies of cancer.

SUPPLEMENTARY DATA

Supplementary Data are available at NAR Online,
including (68).
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