Biomarker robustness reveals the P38 network as
driving disease outcome in GBM patients in multiple
studies and miR-9 as a possible control agent
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Glioblastoma Multiforme (GBM) is the most common, aggressive and malignant primary tumor
of the brain and associated with one of the worst 5-year survival rates among all human cancers
[1]. This tumor diffusely infiltrates the brain early in its course, making complete resection
impossible. Advances in treatment for newly diagnosed GBM have led to the current 5-year
survival rates of 9.8%. Despite therapy, once GBM progresses, the outcome is uniformly fatal,
with median overall survival historically less than 30 weeks|[2].

Cancer is a genomic alterations disease: changes in DNA sequence, epigenetic aberrations in
DNA methylation and genomic variations in copy number together scaffold the development and
progression of human malignancies, GBM is no different. However, the clinical value of most
Glioblastoma-associated molecular aberrations in term of their significant in diagnostic,
prognostic, or predictive molecular markers has remained unclear [3]. A better understanding of
the molecular characteristics and biology of GBM may help improve treatment and identification
of cellular factors that drive prognosis may provide a key for novel treatment.

One of the most comprehensive efforts in molecular characterization of cancer in general and
Glioblastoma Multiforme in particular is The Cancer Genome Atlas (TCGA) [4]. The types of
data provided through TCGA, for over 370 patients are: expression abundance through
microarrays, DNA methylation, copy number variation, and microRNA expression data.

DNA methylation plays an important role in the development of cancer and other diseases due to
its ability to control gene-expression. Research has shown that the silencing effect of methylation
achieved through the interaction of methylcytosine binding proteins with other structural
components of chromatin, which make DNA inaccessible to transcription factors through histone
deacetylation and chromatin structure changes [5-7]. Hypermethylation of CpG islands located in
the promoter regions of tumor suppressor genes is now firmly established as an important
mechanism for gene inactivation in cancers [8]. Somatic copy number variations are extremely
common in cancer. Deletions and amplifications contribute to alteration in the expression of
tumor suppressor genes and oncogenes. Detection and mapping of copy number abnormalities
provides an approach for associating aberrations with disease phenotype and for localizing
critical genes [9]. MicroRNAs (miRNAs) are small, endogenous non-coding RNA molecules
that contribute to modulating the expression level of specific proteins based on sequence



complementarities with their target mMRNA molecules. Their role in many human diseases in
general and cancer in particular is well established, and their ability to act both as therapeutic
agent and disease prognostic biomarker is what makes them so important to understand [10].

By studying these changes and their versatility, we can find targets for sophisticated therapeutics
approaches.

In this work, we analyzed methylation, copy number, microRNA and gene-expression data in
more than 370 GBM patients from The Cancer Genome Atlas database, and validation data from
two additional datasets obtained from the Gene Expression Omnibus (GEO) database [11]
(accession number: GSE4412 [12] and GSE13041 [13]).

Here, we took an approach that utilizes network graph structure and combine it with clinical
outcome and identified significant curated pathways that can serve as biomarker for survival. To
make use of network graph structure, we applied methods to merge expression data with network
knowledge [14]. These methods quantify expression behavior in specific sub-networks (such
sub-networks can be specific pathways or any other defined subnetwork) and produce two
metrics: network activity and network consistency. In brief, a pathway's activity is a measure of
how likely the interactions within a pathway are to be active in the specific sample at hand. A
sample's pathway consistency is a measure of the compatibility between gene-expression
abundance in that sample and molecular description as it detailed in the pathway's graph. Further
details are in the Methods section and in [14].

To apply this network-based methodology, we used gene-expression data from TCGA and made
use of expression levels to deduce pathway metrics. Each sample was thus re-represented using
its pathway metrics. This representation assigns 579 pathway metric scores (a score for each
pathway in the database) to each sample. Interaction and pathway information has been obtained
from The National Cancer Institute's Pathway Interaction Database (PID) [15]. We then iterated
across the set of samples, using the pathway scores, to assign KM p-values for each of the
pathways. This procedure allows us to rank each of the pathways according to their ability to
stratify patients into prognosis groups. We then validated this set of pathways within the two
additional data sets [12, 13]. We found one pathway, p38 signaling mediated by mapkap
kinases (NCI/Nature), that significantly and robustly stratify prognosis in all three datasets
(figure 1). Importantly, none of the gene members in that pathway, by themselves, show
statistical power in survival analysis. In addition, the groups emerged from the pathway had no
correlation with any clinical feature which strengthens the hypothesis that this pathway is a core
mechanism of the disease.
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Figurel. Kaplan-Meier curves generated according to values of the P38 pathway across all three datasets. Across
three panels, Groupl (blue line), which is affiliated with better prognosis, shows lower pathway activity values and
Group2 (green line) shows higher pathway activity values. The affiliation of pathway metric levels with prognosis
is highly robust in this case, as it shows low p-values and consistent behavior across datasets.

This pathway, when highly activated, has low survival rates. In addition, previous works found
that when this pathway is highly activated it induce migration of glioblastoma cells [16].
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Figure2. P38 Signaling pathway activity levels distribution across groups. Groupl (blue, higher survival
rates) has low pathway activity. Group2 (green, lower survival rates) has higher activity levels. This figure
demonstrates the large range in the activity levels between groups, and the distinct difference between them.

To further study the molecular characteristics of this pathway, we made use of the intensive
molecular features available through TCGA. As mentioned earlier, TCGA avails genetic and
epigenetic information for each tumor sample. We analyzed copy number and methylation
profiles of the pathway genes. Using Mann-Whitney U test we examine the copy humber
aberrations in both tumor and matched normal samples in order to see if the copy number



expression levels in tumor and normal for a specific gene are independent samples from identical
continuous distributions with equal medians, against the alternative that they do not have equal
medians. This analysis revealed that 11 out of the 13 genes in this pathways are highly targeted
to copy number changes (p value<0.05) (Tablel).

Amplified genes Deleted genes
R T
HSP27 21% 2% MAPKAPK3 20% 11%
CREB1 27% 16% LSP1 31% 25%

TCF3 14% 2% TH 37% 14%
ER81 45% 6% YWHAZ 63% 27%
CDC25B 36% 20% ALOXS b8% 7%
RAF1 13% 9%

Tablel. Eleven out of the 13 genes in the p38 pathway had significant change (according to Mann-Whitney test),
in amplification or deletion in copy number between the tumor and its matched normal sample across all patients.

These results reveal that the pathway is highly targeted, and can explain the significant robust
connection with patient's outcome. When analyzing the methylation status of the genes in the
p38 pathway we found that 4 of the 13 genes in the pathway are consistently methylated across
all samples and the remaining 9 genes have no change in their methylation profile.

Next, we combined the activity levels of the pathway with all 1510 microRNA in order to find
microRNAs that shows significant correlation with pathway activity and thus can be considered
as pathway regulators. Interestingly, we were able to find significant negative correlation (p-
value < 0.0001) between the p38 pathway activity levels and hsa-Mir-9*. Deeper examination of
the gene sequences revealed that 4 out of the 13 genes in the pathway have a possible binding
site to hsa-Mir-9*, this analysis was performed by doing a blast search of the microRNA mature
sequence and the 3' UTR region of all 13 genes in the pathway. The fact that this pathway can be
targeted by single microRNA in different positions strengthens the hypothesis that this pathway
is indeed can act as a robust single biomarker for GBM.

Our results demonstrate that pathway interactions are either affiliated with improved prognosis
by "helping" the pathway counter the tumor or poor prognosis by "breaking down" the pathway's
normal activity. Through better understanding of the pathway mechanisms and the interactions
that undergo changes, we may find targets for new treatments. The fact that the pathway we
identified did not correlate with age or tumor diameter and was found in all three datasets
strengthens the hypothesis that this pathway is a core mechanism of the disease. The fact that 4
of the 13 genes in the pathway have a possible target sites for a single microRNA that also has a
significant correlation with the pathway activity levels can imply on a possible therapeutic agent
for maintaining "normal” pathway activity.
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