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Abstract

One of the major challenges in cancer research is the problem of distinguishing driver

mutations which drive neoplastic behavior and passenger mutations which have no func-

tional purpose. The advent of high-throughput molecular assays have allowed tremendous

amounts of data to be collected at fairly large sample sizes. However, it is difficult to ap-

proach the task of identifying a handful of critical genetic changes from the chaotic back-

ground alterations that is typically present in most tumor cells. This work presents a 2 stage

gene scoring and gene set selection algorithm which is designed firstly to deal with missing

information in a graceful manner and secondly to allow the user to leverage prior knowl-

edge in the form of protein-interaction networks. The proposed approach is applied to the

TCGA GBM dataset where it is shown that it robust to multiple forms of missing data and

performs well at the task of gene prioritization and selection. Finally, the approach is used

to analyze the Proneural patient cluster in GBM which shows poor response to aggressive

treatment. A biologically plausible candidate pathway of 3 genes is found by our methods

and is shown to be significantly associated with survival on an external validation dataset.
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Chapter 1

Introduction

Cancer is one of the major causes of death today, accounting for nearly one out of every

four deaths in the United States. While great strides have been made in the development of

more effective therapeutic options, prognosis remains bleak for certain forms of the disease.

Cancer is a disease of the genome and a better understanding of the genetic elements

which drive neoplastic behavior is needed in order to devise more effective treatments.

Rapid advancements in measurement technologies at the molecular scale have ushered in

an age of high-throughput data gathering, the fundamental problem of identifying critical

and meaningful mutations from tens to hundreds of thousands of candidate genes remains

unsolved.

Large-scale data collection efforts such as The Cancer Genome Project (TCGA) have

allowed researchers access to a wealth of data in multiple data modalities and projects

such as the Human Protein Reference Database and Biogrid have also allowed hitherto

unprecedented access to a significant fraction of the accumulated biological knowledge of

our time.

In this work, I will present an approach towards scoring gene mutations and selecting

groups of genes. This approach is heavily inspired by and adapts a class of random walk

based graph regularization techniques which will be briefly presented in chapter 3.
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CHAPTER 1. INTRODUCTION 2

The presented approach has the advantage of being robust to multiple forms of miss-

ing data and designed to leverage existing biological knowledge in the form of protein-

interaction databases. This approach is applied to the TCGA GBM dataset and the HPRD

protein-interaction network and some experimental results will be presented in chapter 4.



Chapter 2

Background and Related Work

2.1 Identifying Driver Pathways

An important problem in cancer research is the task of distinguishing driver mutations,

which confer some form of selective advantage, from passenger mutations which do not

contribute to neoplastic behavior (Greenman et al. (2007)). The identification of such driver

mutations is a critical component in the development of effective therapeutic options. Ex-

amples of advancements in targeted treatments resulting from molecular characterization

of cancers include the use of tyrosine kinase inhibitors such as geftinib and erlotinib for

non-small cell lung cancer tumors harboring EGFR mutations (Kobayashi et al. (2005))

and the use of Herceptin in breast cancer (Baselga et al. (1998)).

A common class of approaches used to identify these driver mutations focuses on iden-

tifying recurrent mutations which occur in a significant subset of the patient population.

Such approaches include copy-number based algorithms such as GISTIC which aim to

identify regions significantly enriched in copy-number aberrations (CNAs) (Beroukhim

et al. (2007)). However, copy-number based approaches suffer from the limitation that it is

difficult to isolate a specific driver mutation from a given copy-number region which may

contain many genes. Similar approaches which focus on identifying single genes which

are mutated more often than expected by estimating the expected background mutation

rate have also been proposed. (Ding et al. (2008); Sjöblom et al. (2006))

3
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However, recent large-scale genomic studies of cancer have revealed a high degree

of variability between individual tumors and efforts to identify the underlying drivers of

oncogenesis have met with limited success because of this innate heterogenity of genetic

alterations which is present even between morphologically similar tumors (Liang et al.

(2005)).

While a diverse assortment of mutations affecting a large number of genes are known

to occur in most cancer types, it is hypothesized that only a relatively small number of

molecular pathways are perturbed in each case (Hahn et al. (2002); Vogelstein and Kinzler

(2004)). The observed heterogeneity is thus due to the fact that a single pathway may be

modified by mutations to any one of multiple genes along said pathway. There are therefore

a potentially large combination of mutations which may result in carcinogenesis and driver

mutations can be distributed over a relatively large number of genes making it difficult to

identify driver mutations based solely on single gene frequency based approaches (Vandin

et al. (2011)).

The need to identify driver pathways instead of driver mutations or driver genes mo-

tivates a number of approaches which first generate a list of candidate genes based on

mutation data and subsequently identify known pathways or gene sets which contain a sig-

nificant number of these candidate genes (Ding et al. (2008); Parsons et al. (2008); Sjöblom

et al. (2006); McLendon et al. (2008)). However, such approaches have the disadvantage of

having to rely on a fixed set of known pathways or gene groupings and may thus be unable

to identify novel pathways which are not yet characterized.

Finally, a recent class of methods have been proposed which make use of regulatory or

protein interaction networks in combination with mutation data to identify driver pathways

such as (Vaske et al. (2010); Vandin et al. (2011)).

The work presented in this thesis falls under this category of network-based methods

and a more detailed description of related work on such methods is presented in section

2.2.
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2.2 Network Based Approaches

Gene and protein interactions have a natural representation as a graph structure in which

nodes represent genes or gene products and edges represent interactions. In many cases,

the term gene is also used to refer to its gene product and vice versa and we will refer to

gene/protein-interaction networks in general as protein-interaction networks.

The use of protein-interaction networks has been used to incorporate existing informa-

tion about relationships between genes/proteins in a variety of biological settings such as

eQTL analysis (Suthram et al. (2008)), protein-disease associations (Navlakha and Kings-

ford (2010)) and protein function prediction (Ching et al. (2009); Li et al. (2010)).

In the context of cancer driver pathway discovery, network based approaches have been

used to prioritize potential driver genes on the basis of various toplogical properties or novel

graph-based statistics (Dezső et al. (2009); Jonsson and Bates (2006)). For example, Dezso

et al. identified condition specific mutations using the topological features of genes within

molecular networks while Taylor et al. identified robust gene biomarkers for breast cancer

metastatsis using the loss of expression correlation with interaction neighbors as a gene

statistic (Taylor et al. (2009)). Methods developed by Ideker et al. have also combined

expression data with gene interaction networks in order to identify sub-networks within

graphs which are differentially expressed in a group of interest and such methods have

been applied to the problem of predicting breast cancer metastatis (Chuang et al. (2007)).

Yet other approaches have tried to use various properties of genes in pathways such as the

observation that mutations which affect the same pathway tend to be mutually exclusive to

construct such pathways (Ciriello et al. (2012)).

In closely related work, Vandin et al. proposed HotNet, a method of identifying po-

tential driver pathways using a heat diffusion process (Vandin et al. (2011)). HotNet first

builds an influence graph where edges between genes are weighted according to the amount

of “heat” which diffuses from one gene to the other through a gene interaction network.

Each edge in this influence graph is then weighted by the number of mutations observed

affecting the end-points of the edge. Edges below a threshold are subsequently pruned from

the influence graph in order to obtain a set of connceted components corresponding to po-

tential driver pathways. Using HotNet, Vandin et al. were able to identify potential driver
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pathways containing genes which were not significantly mutated on a individual gene level

but which were significant when aggregated into pathways (Vandin et al. (2011)).



Chapter 3

Approach

3.1 Overview

The proposed gene scoring approach comprises of 2 main stages.

In the first stage, copy-number, mRNA expression and methylation data is combined to

produce a putative mutation score for each patient-gene pair. Imputation of missing data

and the combination of different data modalities into a single integrated score is performed

using a Gaussian mixture model (fig. 3.1).

Once putative mutation scores have been obtained for a set of genes, nodes in a protein-

interaction network which correspond to these genes are “labeled” with their respective

mutation scores. An iterative “label spreading” random walk is used to produce a final

significance score for each node in the protein-interaction network (fig. 3.1).

3.2 Data Imputation and Multiple Modality Integration

Integrated analysis of multiple molecular data modalities has been shown to be useful in

discovering key genomic alterations in cancer (Masica and Karchin (2011); Parsons et al.

(2008)) and co-ordinated changes in copy-number and gene expression or methylation lev-

els and gene expression have been shown to be powerful indicators of important genomic

alterations (Tayrac et al. (2009); Hirsch et al. (2003)). However, an issue often encountered

when dealing with multi-modal datasets is the issue of missing data modalities. A common

7



CHAPTER 3. APPROACH 8

Figure 3.1: An overview of the proposed gene scoring method. a. Input consists of multiple
observations (pages) of genes (rows) on different platforms (columns). Some columns may
be entirely missing for certain observations. b. A Gaussian mixture model is fitted for each
gene and used to impute the missing values (in red) and obtain an integrated mutation score
for each gene (in orange). c. Nodes in a protein interaction network are associated with a
mutation score (red) but some nodes may not be mapped with a mutation score (blue). d.
A “label spreading” process is used to obtain a final significance score for all nodes in the
interaction graph.
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method used to deal with this problem is to discard observations which are incomplete,

however, this greatly reduces the available sample size which may be undesirable. For ex-

ample, in the TCGA glioblastoma multiforme dataset only roughly a fifth of available sam-

ples (122/577) contain a full complement of molecular data while (466/577) are missing

one or less data modalities. This indicates that being able to deal with even a single missing

data modality would allow studies to be conducted on significantly enlarged sample sizes.

Another problem related to working with multiple modalities is the problem of how to

integrate data from different molecular assays and plaforms (Huang et al. (2011)), com-

mon methods employed include methods based on Singular Value Decomposition (SVD)

(Berger et al. (2006)), Principal Component Analysis (PCA) and Canonical Correlation

Analysis (CCA) (Charlotte et al. (2010)).

In this work, we propose to deal with both problems together by using a Gaussian

mixture model to model the vector of molecular assay measurements for each gene (e.g.

CNA, mRNA expression). Each observation is assumed to be generated from a Gaussian

distribution determined by a binary latent variable which represents whether the gene has

undergone an amplification or deletion event. The mixing coefficients for each observation

are later used to compute a combined mutation value for that gene observation.

Gaussian mixture models have previously been proposed for data imputation in expres-

sion microarrays wtih missing patient-gene pairs by modelling expression levels across

genes as a mixture of Gaussians (Ouyang et al. (2004)). The same approach can be applied

here to deal with missing data modalities by modelling the molecular profile of a single

gene across multiple arrays with a mixture of Gaussians.

The motivation for using a Gaussian mixture model in the case of multi-modal data is

three-fold:

1. Data imputation and data integration can be performed simultaneously.

2. Standard algorithms such as expectation-maximization (EM) can be used to learn

model parameters and impute missing values.

3. Model fitting can be done in an unsupervised manner but prior assumptions can be

incorporated in the form of the initial (soft) assignments of observations to Gaussian

clusters.
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In addition, restrictive parameterizations of the covariance structure can be used to enforce

stronger prior beliefs regarding the underlying distribution (Ouyang et al. (2004)). In our

case we choose to model the data with an unconstrained full covariance matrix which ap-

pears to yield reasonable results.

In order to encode the assumption that our Gaussian clusters correspond to amplifica-

tion and deletion events, the initial mixing coefficients were computed based on a weighted

sum of copy-number, mRNA expression and methylation status. Observations with high

CNA, expression and low methylation values were assigned higher amplification cluster

mixing coefficients while observations with low CNA, expression and high methylation

levels were assigned higher deletion cluster mixing coefficients. This choice of initializa-

tion is also motivated by the intuition that co-ordinated changes in copy-number, expression

and methylation status should receive a higher (more significant) mutation score (section

4.2).

The Gaussian mixture model is fit using the expectation-maximization (EM) algorithm

(Aitkin and Rubin (1985)), derivation of the updates provided below can be found within

the literature (Delalleau (2012)) and have been omitted for brevity.

Formally, let xi =
(
xi

1,x
i
2, . . . ,x

i
m
)

represent the i-th observation of a gene and xi
j repre-

sents the j-th component of the gene profile. Furthermore, let xi
o denote the vector consist-

ing of the observed components of xi and xi
m denote the vector of missing components of

xi.

The EM updates for the Gaussian mixture model with missing data are:

E-Step:
p̂i j = N

(
xi

o,µ
j

o ,Σ
j
oo
)

pi j =
p̂i j

∑
h
k=1 p̂ik

Where pi j is the mixing coefficient for the j-th Gaussian on the i-th observation and µ
j

o

and Σ
j
oo denote the current estimates of the mean and covariance matrix of the j-th Gaussian

for the observed components of xi.
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M-Step: Impute the missing values xi
m with the conditional expectation of the missing

components given the observed components weighted by the mixing coefficients pik.

xi
m =

h

∑
k=1

pik

(
µk +Σ

k
mo

(
Σ

k
oo

)−1(
xi

o−µ
k
o

))
Re-estimate the mean of each Gaussian in the mixture

µ
j =

∑
n
i=1 pi jxi

∑
n
i=1 pi j

where the imputed value of xi
j is used if it was originally missing.

The estimate for the covariance is

Σ
j =

∑
n
i=1 pi j

(
xi−µ j)(xi−µ j)T

∑
n
i pi j

+ Σ̃
j

where Σ̃ j is the covariance of the imputed values computed by initializing Σ̃ j = 0 and

then updating for all xi,

(
Σ̃

j)
mm+=

(
pi j

∑
n
l=1 pl j

Σ
j
mm−Σ

j
mo
(
Σ

j
oo
)−1

Σ
j
om

)
where Σ

j
mo =

(
Σ

j
om

)T
denotes the sub-matrix of Σ j taking the rows corresponding to

the missing components of xi and columns corresponding to the observed components of

xi.

In practice it was found that regularizing the covariance matrix by adding a small con-

stant to the diagonal of the covariance matrix helped ensure faster convergence.

After data imputation is carried out, a combined mutation score for each gene observa-

tion is computed using the mixture coefficients learnt for each observation. Let pA
( j)
i and

pD
( j)
i denote the mixing coefficients for the amplification and deletion Gaussian compo-

nents for the i-th observation of the j-th gene.
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The mean mutation score z j ∈ (0,1) of gene j is given by z j = 1
n ∑

n
i=1 2 ·[

max
(

pA
( j)
i , pD

( j)
i

)
−0.5

]
, this score captures the notion of the average level of con-

fidence that some significant modification has occurred to gene j in each of its n obser-

vations. We note that the score is rectified to be positive regardless of whether it was an

amplification or deletion event.

3.3 Label Spreading and Graph Regularization

The “label spreading” process is part of a class of random walk methods known as label

propagation algorithms. Label propagation is so named because it operates by taking as

input a graph wherein a subset of nodes are assigned labels and these labels are “propa-

gated” to the rest of the graph by simulating a random walk starting from the labeled nodes

(Delalleau (2012)).

This class of label propagation algorithms was first presented in the context of semi-

supervised learning (Zhu et al. (2003); Szummer and Jaakkola (2002)) in which nodes

represent data examples and the edges are specified by a suitable metric measuring the

similarity of two examples. For example, a common example of a similarity graph is the

k-nearest neighbor graph where an example is connected to the k other examples which are

closest to it by some distance metric with an edge of weight 1.

In the current context of gene scoring, the use of label propagation algorithms has

been motivated by the assumption that genes which are “near” each other in the protein-

interaction graph are also more likely to participate in common pathways. The presence

of many significantly mutated genes in the neighborhood of an unknown gene may thus

indicate that this unknown gene is part of a driver pathway and hence a potential oncogene.

Let W denote the adjacency matrix representing a molecular interaction network and

V = {v1, . . . ,vG} denote the set of genes present in the network. Let S denote the set

of genes i which are mapped to an associated mutation score zi (for example the mean

mutation score defined in section 3.2).

The “label spreading” process is defined as (Delalleau (2012)):
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Algorithm 3.1 The “label spreading” process

Y (0)
i =

{
zi if vi ∈ S
0 otherwise

Dii := ∑ j Wi j

L := D−
1
2WD−

1
2

Repeat until convergence:
Y (t+1) := (1−α)LY (t)+αY (0)

The claim that this “label spreading” process converges for values of α ∈ [0,1) pro-

ceeds from the fact that, by construction, L has eigenvalues between −1 and 1 (Delalleau

(2012)).

It follows from above that at convergence,

Y (∞) = α (I− (1−α)L )−1Y (0)

This “label spreading” random walk process is closely related to the minimization of a

least-squares objective with a regularization term based on the graph structure specified by

W (Delalleau (2012)).

C (Y ) = ∑
vi∈S

(Yi− zi)
2 +

µ

2 ∑
j,l

Wj,l

(
Y j√
D j j
− Yl√

Dll

)2

(3.1)

the relationship between the two can be shown by minimizing C(Y ) by setting its deriva-

tive with respect to Y to 0. The minimizing assignment Y ? takes on the expression

Y ? = ((1+µ) I−µL )−1Y (0)

which is equivalent (modulo a factor of 1
α2 ) to Y (∞) if we let µ = 1−α

α
.

Intuitively, we can think of minimizing the cost function C(Y ) as attempting to keep

the predicted values of Yi close to their associated mutation scores (for vi ∈ S ) while also

trying to minimize the difference between the predicted values of neighboring nodes in the

graph.

Rewriting the objective C(Y )
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C (Y ) = ∑
vi∈S

(Yi− zi)
2 +

µ

2 ∑
j,l

Wj,l

(
Yj√
D j j
− Yl√

Dll

)2

= ∑
vi∈S

(Yi− zi)
2 + ∑

vi /∈S
Y 2

i +µ

(
D−

1
2Y
)T

L
(

D−
1
2Y
)

we observe that other than the term µ

(
D−

1
2Y
)T

L
(

D−
1
2Y
)

which serves as a smooth-

ness penalty over the labelings Y on the graph W , C(Y ) contains a separate regularization

term ∑vi /∈SY 2
i which discourages unobserved nodes from taking values far from 0 (Delal-

leau (2012)). This corresponds to our prior that most gene nodes in the network do not

harbor potential driver mutations and hence should be assigned a low final significance

score.

3.4 Candidate Gene Subset Selection

This recasting of the “label spreading” process as an iterative approximation for the min-

imization of (3.1) provides a useful interpretation of the role that the free parameter α

plays in the “label spreading” process. Smaller values of α correspond to enforcing stricter

penalties for differences in values between adjacent nodes, at the expense of allowing Y

to stray far from the original observed labels. On the other hand, larger values of α allow

more leeway for sudden changes in label values but penalize deviations from the initial

node labels more heavily in comparison.

This motivates an extension to the “label spreading” process which can be used to select

a subset of genes within a network based on the scores assigned to them by the “label

spreading” process.
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Algorithm 3.2 Subset selection using the “label spreading” process

Y (0)
i =

{
zi if vi ∈ S
0 otherwise

α := 0.99
S+ :=V
While α > 0.1 and S+ 6= Ø

Dii := ∑ j Wi j

L := D−
1
2WD−

1
2

Repeat until convergence:
Y (t+1) := (1−α)LY (t)+αY (0)

S+ := S+−
{

vi : Y (t)
i ≤ Q

(
Y (t),γ

)}
W :=WS+

Y (0) := Y (0)
S+

Y (t) := Y (t)
S+

α := β ·α

Pseudo-code for iterative subset selection using the “label spreading” process is shown

in algorithm 3.2 where β ∈ (0,1], γ ∈ (0,1] are free parameters, Q(Y (t),γ) denotes the γ-

th quantile of Y (t) and WS+/Y (0)
S+ /Y (t)

S+ denote the rows and columns (where applicable) of

W/Y (0)/Y (t) corresponding to the genes in S+.

The subset selection process maintains an active set S+ of candidate genes which is

iteratively refined by removing the lowest scoring fraction of genes after the “label spread-

ing” algorithm has run to convergence. The fraction of genes removed at each iteration

is determined by the free parameter γ . Each time the active set S+ is pruned, the adja-

cency matrix W , the initial label values Y (0) and the current label vector Y (t) are updated

to remove the discarded genes and a new graph laplacian L is computed and the “label

spreading” process is repeated on the reduced network graph.

At the end of each iteration, the parameter α is shrunk by a constant factor β and the

process iterates until α goes below a certain minimum threshold (set here to be 0.1).

Since a constant fraction γ of the active set is removed at each iteration and the number

of iterations depends on the shrinking coefficient β , the resulting size of S+ is determined

jointly by these free parameters. In practice we find that the subset selection algorithm is
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robust to a fairly wide range of values for γ near 0 and we set it to 0.1 for convenience

leaving β the sole free parameter we use to determine the desired size of the candidate set.

The subset selection algorithm is designed to start off with a large value of α (weak

regularization) and shrink it down as the active set of genes are reduced (stronger regular-

ization). This is done in order to avoid assigning overly high scores to genes based solely

on the graph topology in the beginning when the graph is still relatively densely connected

with potentially irrelevant associations but still allow the graph regularization to effectively

“propagate” the labels once the graph has been suitably restricted.

The subset selection algorithm is thus fairly sensitive to the choice of value for β . If

β is set too conservatively (near 1), many genes which would be selected indirectly based

on the mutation status of their interaction partners would be pruned before α was reduced

sufficiently for their values to grow above the threshold. If β is set too aggressively (too

near 0), a large number of false positives may result due to the insensitivity of the selection

algorithm to the initial assignment of mutation scores.

A useful heuristic is to set the value for β to be the largest value possible such that the

top n genes are declared significant (where significant is defined as being included in S+
after subset selection has terminated) no more than 0.05

n of the time under a suitable null

hypothesis, this heuristic was used to set the value of β used in the results of this work.

The null distribution considered is generated on a per gene basis for gene i by permuting

the labeled values of Y (0) and setting Y (0)
i = 0.



Chapter 4

Results and Discussion

4.1 Dataset

The methods developed in chapter 3 are applied to the The Cancer Genome Atlas (TCGA)

glioblastoma multiforme (GBM) dataset. The TCGA GBM dataset comprises of a total

of 577 samples with associated surival and molecular assay data. Of these samples, 111

samples which did not have at least 2 out of 3 of the following molecular measurements

were removed:

• Integrated mRNA expression values from the Affymetrix U133, Affymetrix Exon,

and Agilent platforms

• Copy-number abberation data from the Affymetrix SNP6 array platform

• Methylation values from the Infinium HumanMethylation27 platform

This resulted in a final sample size of 466 samples of which 196 samples were complete

and 270 contained one missing data modality.

Protein-protein interaction data from the Human Protein Reference Database (HPRD)

was used to construct a protein-interaction network for the following experiments (Prasad

et al. (2009)). The set of TCGA genes was filtered down to a set of 9104 genes which were

common to both the TCGA and the HPRD datasets.

17
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mRNA expression and copy-number abberation values were log-transformed prior to

all experiments while all methylation values used are in the form of beta values.

4.2 Gaussian Mixture Data Integration Captures Co-

ordinated Amplifications/Deletions

After initial preprocessing, a Gaussian mixture model was used to impute missing data and

obtain an integrated putative mutation score as described in section 3.2. In order to validate

that the putative mutation scores were providing a good metric of how often a gene was

significantly mutated, the top 20 genes by mutation score were extracted and analyzed (fig.

4.1).

Within the top 20 genes, 8 genes EGFR, MET T L1, T SFM, CT DSP2, CDK4,

SLC25A3, CHIC2 were also in the top 20 genes when ranked by linear correlation between

copy-number and expression values (Team). Furthermore, all but 5, namely, SLC25A3,

KRT 8, KISS1, LGALS3 and KRT 6A were amplified in more than 10% of TCGA GBM

cases.

Several genes in the top 20 genes such as EGFR, CDK4, PDGFRA and MDM2 are

prominent oncogenes/tumor suppressor genes with known associations with GBM (Ver-

haak et al. (2010)). For example, Verhaak et al. characterized 4 sub-types of GBM based

on EGFR and PDGFRA mutations (Verhaak et al. (2010)). CDK4 is a known oncogene

commonly observed to be altered in GBM and CDK4 inhibitors have been recently shown

to be effective in suppressing GBM tumor growth in mice (Michaud et al. (2010)). Simi-

larly, MDM2 has been shown to be universally overexpressed in GBM tumors (regardless

of EGFR/T P53 status) (HALATSCH et al. (2006)) .

The aforementioned results suggest that the putative mutation scores produced by Gaus-

sian mixture models are correctly able to assign high scores to genes which are commonly

mutated in a co-ordinated manner across many samples. However, a more detailed analysis

of the top 20 genes shows 11 out of 20 show a highly correlated pattern of concordant am-

plification (fig. 4.1). Of these 11 genes, all 11 are located on the chromosome 12q13−15,

a region which is recurrently amplified in more than 15% of GBM tumors (Fischer et al.
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Figure 4.1: OncoPrint visualization (cBio Cancer Genomics Portal) of the top 20 genes by
putative mutation score (excluding EGFR for visibility issues). Each column corresponds
to a tumor sample, boxes shaded in red are significant amplification events (determined
by GISTIC) while green boxes denote somatic mutation events. Blue arrows and boxes
indicate genes on chromosome 12q13−15.

(2008)) while all 11 of these genes are consistently amplified in a significant proportion

of GBM samples, it is difficult to infer based on molecular data alone which of these 11

genes are the true target of 12q13− 15 amplification and hence probable driver genes or

promising drug targets. For example, as mentioned above, CDK4 has been confirmed as a

well known oncogene and the CDK4/6 inhibitor PD0332991 is currently undergoing clin-

ical trials as a potential treatment for GBM (Wiedemeyer et al. (2010)). In contrast, MBD6

appears to be a typical passenger mutation with no known clinical association with GBM

or other cancers.

On a similar note, both CHIC2 and PDGFRA show highly co-ordinated amplification

in a large subset of GBM tumors (fig. 4.1). However, while PDGFRA has been identified

as an important therapeutic gene of interest targeted by drugs such as imatinib mesylate

(Gleevec), the main clinical importance of CHIC2 stems from the fact that deletion of the

CHIC2 locus is an observable indication of PDGFRA fusion with FIP1L1 (Pardanani et al.

(2003)).
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4.3 Graph Regularized Gene Rankings are Significantly

Enriched for Important GBM genes

As noted above, while the putative mutation scores returned by our Gaussian mixture mod-

els are a good measure of the frequency of amplification and deletion events affecting a

gene, it is difficult to distinguish important driver mutations and drug targets from passen-

ger mutations based on the mutation status of a gene alone.

Furthermore, critical oncogenes or tumor suppressor genes may not always be clearly

differentially expressed or amplified/deleted in a large enough subset of tumors to be iden-

tified directly from mutation data. For example, RB1 and T P53, two important tumor

suppressor genes implicated in GBM (Goldhoff et al. (2012); Nakamura et al. (2001)) rank

208 and 2939 respectively out of 6165 genes based on their putative mutation score.

We therefore apply the subset selection algorithm described in sections 3.3 and 3.4

to select a set of potential driver genes and ranked them based on their final significance

scores. The top 25 genes by final significance score are shown in table.

In contrast to the earlier list, almost all genes on this list are known to have direct as-

sociations with GBM, in order to give a rough gauge of the relevance of this list, a quick

literature search was carried out using the GBM research resource site GBM base (GBM-

Base). For each gene, the number of GBM related academic publications found on GBM

base is reported and only 3 out of 25 of the listed genes do not have a GBM related publi-

cation associated with them on GBM Base.

As mentioned above, T P53 and RB1 are notable tumor suppressor genes implicated

in a wide variety of cancers. The SRC proto-oncogene is a potential target gene in GBM

treatment and SRC inhibitors such as dasatinib are currently being tested in GBM in phase

II trials (de Groot and Milano (2009)).

AKT 1has also been shown to mediate malignant tumor progression in GBM and is

known to be frequently hyper-activated in GBM tumors, like SRC it is a promising drug

target especially since it is known to be implicated in several other cancer types (Altomare

and Testa (2005)).
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Figure 4.2: OncoPrint visualization (cBio Cancer Genomics Portal) of the subset of the top
25 genes (with at least 1 somatic mutation). Each column corresponds to a tumor sample,
boxes shaded in red are significant amplification events and blue boxes are deletion events
(both determined by GISTIC). Green boxes denote somatic mutation events. Blue box
indicates EGFR and TP53, note the mutual exclusivity of EGFR amplification and TP53
mutation.

MAPK1is a key part of the MAPK signalling pathway and it has been suggested that

GBM cell growth could be suppressed by inhibiting the MAPK pathway thereby down-

regulating CDK4 (Loilome et al. (2009)).

Many other genes on the list are also known oncogenes which have been implicated in

other forms of cancer such as JUN (sarcoma), CREBBP (leukemia, ALL/AML), EP300

(colorectal, breast, pancreatic) and SMAD4 (colorectal, pancreatic) (Trust).

While we have seen that many of the top genes which were selected by the sub-

set selection algorithm are important gene targets in GBM, we note that the converse

is also true, while our subset selection algorithm correctly selected CDK4 (218th) and

PDGRFA (442nd) as being significant genes other genes with similar mutation scores such

as MET T L1, MBD6, T SFM, AV IL, MARS, B4GALNT and CHIC2 were not selected by

our semi-supervised subset selection algorithm. The 3 remaining genes DDIT 3 (702nd),

DCT N2 (1399th) and KIF5A (2304th) were also ranked significantly lower than CDK4

or PDGRFA when ranked by the final significance score assigned by our semi-supervised

“label spreading” process.
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Upon closer examination of the distribution of somatic mutations among the top 25

genes (fig.4.2), it is clear that the failure to incorporate somatic mutations as one of our data

modalities when calculating the putative mutation score resulted in T P53 receiving a low

score since TP53 has a low frequency of amplification/deletion mutations even though it

has the highest rates of somatic mutations among all genes in GBM. However, we note that

incorporating prior biological knowledge about gene and protein interactions through our

graph regularization framework allowed us to identify T P53 as a significant gene of interest

(in fact the most significant gene of interest according to our subset selection algorithm)

even without incorporating somatic mutation data into our framework.

4.4 Graph Regularized Gene Subset Selection is Robust to

Missing Gene Observations

The main advantage of our semi-supervised “label spreading” approach over similar exist-

ing graph diffusion based approaches such as HotNet is the ability to transductively gener-

alize to genes for which mutation data is not yet available (Vandin et al. (2011)).

In order to evaluate how robust our subset selection algorithm is to missing genes, we

took the top 25 genes returned by our subset selection approach and simulated a scenario in

which the mutation data for each of those genes was not observed. Effectively, this means

that we zeroed out the putative mutation score of the “removed” gene before running our

subset selection algorithm on this modified vector of mutation scores to see if we would

still be able to recover the “removed” gene in our final gene set.

Recall that the free parameter β for our subset selection algorithm is chosen to ensure

that for any gene i, under the null distribution generated by censoring gene i and randomly

permuting the other mutation values, we would declare gene i significant less than 0.05
25 of

the time.

The results of this validation experiment are shown in table 4.1 where the red genes de-

note genes which we were not able to recover after censoring their mutation data. Overall,

the subset selection algorithm was fairly robust to missing gene observations, it recovered

9 out of the top 10 genes and 15 out of the full list of 25.
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Rank Gene Name GBM publications
found on GBM Base

1 T P53 161
2 EP300 0
3 CT NNB1 13
4 RELA 9
5 CREBBP 2
6 GRB2 3
7 CSNK2A1 2
8 SRC 12
9 MAPK1 19

10 SMAD3 1
11 PRKCA 16
12 EGFR 96

Rank Gene Name GBM publications
found on GBM Base

13 ESR1 0
14 STAT 3 19
15 JUN 6
16 SMAD2 2
17 YWHAG 1
18 FY N 3
19 CASP3 8
20 PIK3R1 6
21 AKT 1 43
22 RB1 13
23 SMAD4 1
24 AR 7
25 STAT 1 0

Table 4.1: Top 25 genes by final significance score returned by subset selection algorithm.
Almost all genes have been studied in relation to GBM in peer reviwed publications. Genes
in red are genes which were not recovered after mutation data was censored.

While this result seems to indicate that the subset selection algorithm is only able to

recover genes which would be near the top of the list if they were observed, we note that

the particular choice of β used in this case was unnecessarily conservative. In actual appli-

cations, β could be set to a lower value to apply a stronger prior especially if one suspects

that there are a number of significant genes which are unobserved.

4.5 Graph Regularized Gene Subset Selection Identifies

MUS7−GALNT 14−MUS13 as Potentially Clinically

Relevant Pathway

While much effort has been made in identifying the key driver mutations which drive GBM

tumorigenesis in general, many major advances in the molecular characterization of GBM
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have focused on the inherent heterogenity of the disease and developing a better under-

standing of the different subtypes of GBM (Verhaak et al. (2010); Mischel et al. (2003);

Choe et al. (2002)).

Recent work by Verhaak and colleagues have identified 4 clinically distinct subtypes

of GBM characterized by genetic alterations to PDGFRA, IDH1, EGFR and NF1 (Ver-

haak et al. (2010)). Further efforts to build on this result have resulted in the further sub-

characterization of the proneural subtype which is characterized by poor response to ag-

gressive/high intensity treatment. For example, Noushmehr et al identified a glioma-CpG

island methylator phenotype which was used to further segregate the proneural subtype into

G-CIMP positive and G-CIMP negative tumors (Noushmehr et al. (2010)).

In order to identify molecular characteristics of the proneural subtype as compared to

non-proneural tumors, we considered the set of genes which were determined to be highly

significant by our subset selection algorithm for the proneural group but not significant at

all for the non-proneural group.

To do this, we compute 2 separate score statistics at the end of the data imputation and

integration stage of our gene selection method,

zP
j =

1
|P|∑i∈P

2 ·
[
max

(
pA

( j)
i , pD

( j)
i

)
−0.5

]

zNP
j =

1
n−|P|∑i/∈P

2 ·
[
max

(
pA

( j)
i , pD

( j)
i

)
−0.5

]
where zP

j denotes the mutation score of gene j for the subgroup of proneural tumors and

zNP
j is the corresponding score for the rest of the tumors. Graph regularized gene subset

selection is then run separately on both sets of mutation scores to get a prioritized gene set

for both the proneural and non-proneural tumors. The 200 most significant genes for the

proneural subgroup are then searched for genes which were not determined to be significant

in the case of the non-proneural subgroup.

Our search yielded just 11 such candidate genes of which the gene GALNT 14 (5th)

was the most significant gene in the proneural set of genes which was not found to be

significant in the non-proneural group. Attention was further focused on GALNT 14 since
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it had another 2 known interaction partners MUC13 and MUC7 which were also included

in our set of 11 candidates.

GALNT 14 codes for a class of enzymes known as O-glycosyltransferases which gly-

cosylate a large range of peptides including mucins, a class of glycoproteins. The over-

expression of mucin coding genes is typical in various types of solid tumors such as MUC1

overexpression in breast and ovarian cancer and MUC13 overexpression in colorectal can-

cer (Zaretsky et al. (2006); Van Elssen et al. (2010); Walsh et al. (2007); Shimamura et al.

(2005)) and it is hypothesized that abberations in glycosylation changes are responsible

for tumor resistance to certain anti-tumor agents (Varki (1999); Park et al. (2010)). Simi-

lar O-glycosyltransferases have been proposed as targets for cancer therapies for example

GALNT 6 knockdown has been shown to inhibit breast cancer tumor growth. Recent stud-

ies have also shown that glycosylation inhibitors can enhance the effects of 5-FU effect

(Shah (2009)).

This led us to explore the possibility that GALNT 14, MUC7 and MUC13 could be

a possible pathway driving resistance of the proneural group to high intensity treatment

(defined here as concurrent radiation and chemotherapy).

To test this hypothesis, we performed a multivariate Cox regression on the putative mu-

tation scores of MUC13, MUC7 and GALNT 14 against survival data on the TCGA GBM

dataset. It was found that MUC13, MUC7 and GALNT 14 were significantly associated

with survival (p-value: 0.029).

As a form of external validation, we obtained a separate unseen dataset from Horvath et

al consisting of gene expression levels and survival data for 65 GBM patients from UCLA.

Although MUC7 expression was not available in this separate validation dataset however

MUC13 and GALNT 14 gene expression levels were also found to be significantly associ-

ated with survival (p-value: 0.024). Data and Statistical R Code: Analysis of Oncogenic

Signaling Networks in Glioblastoma: Identification of ASPM as a Novel Target

While these results are far from definitive, such results seem to suggest that GALNT 14

and its glycosylation targets MUC7 and MUC13 represent potential targets for further study

into the variability in response to cancer treatment present in GBM.
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Conclusion

5.1 Conclusion

This work presents a 2 stage gene scoring and gene set selection algorithm which is able

to deal with missing data at different scales from single entries to modalities and entire

genes in a graceful manner. The approach presented in this work utilizes ideas from graph

regularization methods developed in the context of semi-supervised learning to allow users

to leverage prior biological knowledge in the form of protein interaction networks and

thereby generalize even to genes which are unobserved in the input data.

This approach was applied to the TCGA GBM dataset where it was able to identify

T P53 as an important GBM gene even though most mutations which occur on T P53 are

somatic mutations which was not provided to the algorithm.

The approach was also able to identify important GBM associated genes from a large

amplified chromosomal region at 12q13 and correctly determine the significance of most

passenger mutations.

Simulations of situations with missing data also showed that this approach is fairly

robust to the censoring of all observations across all platforms of important genes and is

able to recover more than half of the top 25 genes in the GBM dataset.

Finally, the approach was used to attempt to identify molecular signatures of the proneu-

ral GBM subtype discovered by Verhaak et al (Verhaak et al. (2010)). The proposed ap-

proach was able to produce a short candidate list of 11 genes in which 3 genes GALNT 14,

26
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MUC7 and MUC13 were known to be interaction partners. A literature search revealed

that those genes were often implicated in determining drug response in other cancer types

and Cox regression both on the TCGA GBM dataset and an external validation dataset

indicated significant gene associations with survival.
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