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Abstract 

The disease process giving rise to cancer involves the consecutive accumulation 

of genetic or genomic alterations impacting the normal regulation of cellular functions. 

In cases of hereditary cancers, this process may be stepwise, with a shared initiating 

lesion leading to common subsequent alterations. However, in many non-hereditary 

forms of cancer the initiating and subsequent alterations giving rise to the tumor can 

vary substantially from individual to individual, and multiple molecularly distinct 

subsets of the disease can exist within histopathologically similar tumors. This molecular 

heterogeneity between patients hinders the ability to identify which alterations are 

responsible for tumor development and subsequent maintenance, and confounds the 

ability to effectively treat patients as response to a particular therapeutic intervention 

may be highly dependent on the molecular composition of the disease. 

To further our understanding of the molecular alterations associated with 

tumorigenesis, we analyzed aggressive brain cancer, glioblastoma (GBM), samples for 

which multiple types of genome-wide information was available. We utilized a series of 

in vitro or clinically derived gene expression signatures by comparing gene expression of 

samples based on whether a particular cellular signaling pathway was known to be 

active or inactive. Using these signatures for cellular signaling deregulation, we 

examined the association between various genomic alterations and the relative activity 
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of each pathway, identifying alterations that were enriched within patients that 

harbored similar profiles of pathway activation. These analyses lead to the identification 

of numerous previously uncharacterized alterations in GBM, including the identification 

of a ubiquitin-like gene, UBL3, that was associated not only with pathway signaling, but 

was also associated with poor patient outcome, as well as response of GBM xenograft 

models to treatment with standard of care therapeutic agents. 

Further, given that the challenges involved in analyzing clinical samples include 

development methods for timely analysis of genomic data, we have described a 

framework to utilize these genomic signatures in a prospective setting by incorporating 

a non-overlapping reference dataset of similar tumor samples. This methodology allows 

the examination of pathway signaling, as captured by the signature, to be run in real-

time when only a single patient sample is analyzed, and has a high degree of fidelity to 

the results generated from retrospective analysis across multiple tumor types. Together 

these studies have provided a novel framework for identification of significant genomic 

alterations that impact pathway signaling, as well as moving providing the mechanisms 

to analyze genomic signatures in a robust manner that accounts for the challenges 

associated with the prospective clinical setting. 
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1. Introduction 

1.1 Molecular heterogeneity and signaling deregulation in cancer 

Cancer can be viewed primarily as a disease which subverts normal cellular 

processes to create a favorable environment for continual cellular growth and division. 

This picture of the disease, however, is an incomplete description of the systematic and 

context specific processes that occur in order to promote malignant transformation. The 

formation of a tumor and its subsequent progression and metastasis requires that the 

malignant cells acquire several key characteristics which allow them to escape tightly 

regulated cellular processes that constrain proliferation, growth arrest and programmed 

cell death. These characteristics, which progressively build upon each other, provide the 

mechanisms for these cells to exit from the normal homeostatic environment and 

regulatory signaling pathways and transition to a state that favors sustained tumor 

growth and subsequent invasion into normal tissue (1). 

In order for tumor cells to survive and produce a malignant lesion they must 

acquire the ability to divide indefinitely while avoiding apoptotic signaling, sustain 

growth signaling pathways while ignoring growth suppressive cues, increase local 

angiogenesis, and invade or metastasize into surrounding tissues. However, these 

characteristics are not isolated events; they occur together to promote malignant 

progression. Additionally tumor cells must also acquire the ability to avoid immune 

surveillance and, in many cases, to deregulate the normal metabolic pathways within 
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the cell (2). These processes require a complex interplay not only between tumor cells, 

but also endothelial cells, fibroblasts, and immune cells. Even though these neighboring 

cells, making up the tumor stroma, are not malignant themselves, several cancers rely on 

stromal signaling to support their ongoing proliferation (3, 4), and mutations in stromal 

cells have also been found to enhance tumor formation and malignancy (5, 6). Moreover, 

this heterotypic cellular environment is found not only in primary tumor lesions, but is 

also present in subsequent metastatic lesions. 

These tumor-promoting characteristics arise from the acquisition of alterations to 

the loci encoding normally functioning genes or the regulatory mechanisms governing 

their expression. These alterations can be hereditary, spontaneously induced, or driven 

by exposure to exogenous physical and chemical agents. Regardless of the mechanism 

by which an alteration is induced, they primarily include DNA damage in the form of 

mutations, epigenetic deregulation or copy number alteration, all of which functionally 

deregulate cell signaling at the level of mRNA, microRNA and protein expression and 

activation. 

Many of the initial discoveries into the molecular lesions driving tumor 

formation came from the study of virally encoded genes, as the lytic production of viral 

particles required the ability to overcome many of the same hurdles that are deregulated 

in malignant cells, including activation of cellular proliferation machinery and 

avoidance of apoptotic signaling pathways. Studying the human genes which were 
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homologous to virally encoded genes identified key genes associated with human 

malignancies, such as Ras and Src (7, 8). These studies also lead to the understanding 

that tumor-promoting alterations could occur when these genes are overexpressed or 

constitutively activated that is sufficient to promote malignant transformation. 

Conversely, seminal studies of the hereditary cancer retinoblastoma demonstrated that 

alterations could occur in genes that required alteration across both copies of the gene, 

and served to suppress tumor formation (9). This two-hit hypothesis proposed that a 

tumor-suppressor gene would first acquire an inactivating mutation in one copy of the 

gene, which then was followed by loss of heterozygosity by deletion or gene conversion 

of the other copy of the gene. While TP53 was later characterized to repress tumor 

formation as well (10-12), owing to deletions and dominant negative mutations 

associated with colorectal cancer, this scheme functionally segregated genes that 

participated in the tumorigenic process into tumor suppressors and proto-oncogenes. 

Since these studies, our understanding of the complex interplay of alterations has 

broadened, demonstrating that regulators of numerous key pathways, from biogenesis 

to inflammatory response, play roles in tumor development when disrupted or 

deregulated. 

These studies also lead to the observation that cancer represented a progressive 

disease, where an initial alteration of a single gene could initiate the tumorigenic 

process, but that aggressive tumor development required additional subsequent 
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alterations. However, in many cancers there are multiple different ways in which 

tumorigenesis can take place, and these models can be a poor reflection of the 

tumorigenic process if they are inflexible to the inherently stochastic process of the 

cumulative acquisition of genetic alterations. While a single mechanism for progression 

is clearly the case for some types of cancer, such familial colorectal cancers or chronic 

mylogenous leukemia (13, 14), further research into tumor development has indicated 

that many cancers are more molecularly diverse than initially assumed, and that the 

alterations driving the cancer are restricted based on cell and tissue of origin. 

As the methods for investigating the collective cancer genome have become 

widely available and cost effective, it has become increasingly evident that in a variety 

of cancers there is a large diversity in the scope and coordination of alterations that are 

found in the patient population. There has been a growing body of evidence 

demonstrating that there is substantial inter-patient heterogeneity at the molecular level, 

defining distinct subpopulations of tumors that reflect the diversity present in the 

molecular etiology of the disease. This has perhaps been most appreciated in the setting 

of breast cancer where there appear to be four or more distinct subsets of the disease, 

depending on the methodology employed and patient population analyzed (15, 16). 

However, this has also been demonstrated in other types of tumors (17-19), further 

highlighting the stochastic and sporadic developmental process underlying 

tumorigenesis. 
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1.2 Tools and paradigms for clinical genomic analysis 

One of the challenges to studying the development and progression of a disease 

with a complex and stochastic underlying mechanism, such as cancer, is the ability to 

detect biologically relevant characteristics promoting disease progression and 

subsequently validate the effect of these alterations. The availability of the complete 

sequence of the human genome has provided access to a wealth of information, and was 

proposed to provide the key to understanding the disease process at a much more 

granular level (20, 21). Coupled with the development of microarrays (22), these 

resources have provided researchers access to a rapidly expanding set of candidate 

disease-related genes as well as the means to test them concurrently. 

Regardless of platform used, microarrays rely on the principle that nucleic acid 

sequences that are affixed to a substrate will preferentially hybridize to complimentary 

sequences when combined in vitro. While they offer a much denser information content 

than non-multiplexed assays, microarrays represent an extension of the technologies 

that have been well established in the study of nucleic acids (23, 24). The combination of 

having access to annotations spanning the entire genome, and methods by which to test 

those hundreds of thousands of genes simultaneously has lead to an explosion of studies 

examining the genomic complement of mRNA or microRNA expression, copy number 

status, and methylation patterns associated with various disease and cellular states. 

However, with this wealth of information, researchers have been challenged to analyze 
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and interpret this data using appropriate statistical methods so that the results of such 

studies would be robust and reproducible. 

Methods used during low-throughput analyses were no longer appropriate to 

employ without significant adjustments in genomic studies, as most of these studies 

consider at most several hundred samples while at the same time analyzing hundreds of 

thousands of probes. This highly multiplexed data allows researchers to test far more 

hypotheses than the number of samples found in a study can statistically support (25), 

because the rate of false positives associated with analyses increases proportionally with 

the number of tests considered. Best practices for how to define, test and validate 

candidate genes and models built from genomic data were developed to safeguard 

against over-fitting the data (26). To guard against the increased error rates, researchers 

have incorporated techniques originally pioneered in the fields of machine learning, 

applied physics, and classical statistics. 

The source of the data and the hypothesis being tested determine the framework 

under which a hypothesis can be tested. The analysis can be run in a supervised manner, 

with distinct classes of samples being identified prior to analysis and informing the 

models derived, or can be unsupervised, where the goal of the analytical framework is 

to identify novel characteristics that are emergent from the data itself without researcher 

guidance. Primarily the difference between these approaches depends on whether there 

is a robust pre-determined phenotype that can be used to segregate or order samples 
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prior to analysis. Both frameworks can be implemented for many of the methods 

described below, and both require validation regardless of the training set upon which 

the models, genes or patients of interest are built or identified. 

 

1.2.1 Investigational algorithms for clinical genomics 

Researchers studying genome-wide data have utilized a variety of approaches to 

explore the complex data available in genomic analysis, each that offer unique strengths 

and caveats to consider based on the hypothesis being tested. In clinical genomics, most 

of these algorithms are implemented to identify clusters of similar patient samples or 

genomic features; to quantify correlations and relationships within a dataset; or to 

identify prognostic or predictive features within a dataset (19, 27, 28). To move this 

complex information into a more manageable analytical space, many genomic analysis 

methods focus on reducing the number of features being tested in order to identify 

significant characteristics of genomic data that may be obscured by the volume of data 

assayed. Other methods rely on analysis of depicting covariance between samples or 

probesets analyzed, assuming that the structure of covariance is important in 

developing robust models of a disease state. 

The clinical and cancer genomics community has relied heavily on clustering 

algorithms that identify groups of samples or genomic variables that are consistently 

and quantitatively correlated with each other. One of the most commonly used 
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clustering algorithms in clinical genomics has been agglomerative unsupervised 

hierarchical clustering (USHC) (29). This algorithm does not define distinct clusters on 

its own, but rather presents a matrix view of samples ordered by how close or far they 

are relative to other samples in the datasets, and which can be calculated using a variety 

of distance metrics. Researchers can then heuristically or using various thresholds for 

clusters, identify feature sets within the study to further investigate. 

On its own, USHC does not directly imply or define what the most important 

clusters of samples are. However, various methods have been developed to identify 

robust and meaningful structure within the hierarchical relationships identified. These 

methods primarily rely on permutation testing or bootstrap analysis wherein different 

subsets of the patient or genomic data is repeatedly tested to identify the most robust 

and reproducible structures within the data (30-32). Another commonly used method of 

cluster identification is K-means clustering (33), which requires the researcher to defines 

how many clusters they anticipate identifying (K). The algorithm calculates the best fit 

for samples into K clusters based on how close samples fall to the estimated mean or 

centroid value. In contrast to USHC, one of the direct outputs of K-means analysis is a 

calculation of cluster membership, either presented as the probability a sample falls 

within a cluster or the best-fit cluster for a sample. 

These methods are important for identifying emergent properties within 

multidimensional datasets, however, post-hoc analysis of a cluster is usually required to 
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interpret what the structure identified within the data represents. This often leads 

researchers to use annotation based approaches to understanding which genes are 

enriched within a particular cluster. Such analyses can be implemented to compare a list 

of genes to previously annotated ontologies, comparing the probability that those genes 

would be found together by chance (34-36). Conversely, groups of samples can be 

compared to identify the whether a set of genes is enriched or depleted within one 

group of samples relative to other groups of samples using Gene Set Enrichment 

Analysis (GSEA) (37). These methods most often define the likelihood that group is 

enriched, and whether that is statistically significant based on how the analysis was run. 

While annotation based approaches have the ability to identify biological 

signaling that reflects known biological events within a disease or experimental setting, 

this class of analyses has the caveat that the enrichment of annotations is directly 

dependent on the accuracy of an annotated list within the test setting. Network analysis 

can further extend annotation based analyses further, or refine the connections 

predefined by an annotated relationship (38-42). This approach relies on many 

techniques developed in graph theory and aims to examine either annotated 

relationships to identify coordinately enriched nodes within a dataset, or build novel 

network arrangements based on co-expression and correlation of expression data. 

Fundamentally, this method can be seen as an extension of either the clustering 
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algorithms or the ontological analyses that provides a visual graph of how a network of 

biological signaling is constructed. 

Most of the approaches described above offer qualitative assessments of the 

structure and variation within a particular set of genomic samples, and often these 

algorithms do not produce robust quantitative metrics that can be extended or 

employed in further analyses. To move beyond a descriptive understanding of genomic 

data, the broad class of algorithms used for dimensionality reduction allows for both 

concise visualization and quantification of multidimensional data, though the biological 

interpretation of the condensed data may not always be readily apparent. As a whole 

these analytical approaches includes regression analyses, feature selection, principal 

component (PCA) or singular value decomposition (SVD) analyses, self-ordered maps, 

and factor analyses (43). Perhaps the most common application of dimension-reduction 

techniques used in cancer genomics is PCA (44), as this method is useful for visualizing 

the underlying structure of a dataset being analyzed and identifying outliers. This 

approach identifies the orthogonally constrained multivariate axes that define the 

greatest variation among the data analyzed and allows for both quantitative and visual 

representation of genome-wide data without need for a direct mechanistic understand of 

what this variation captures.  

Regression and factor analyses can improve upon a PCA by identifying variation 

within multidimensional spaces that is related to a particular phenotype of interest, or 
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by identifying variation that is not orthogonally constrained. These methods form the 

basis for building biologically relevant models which can later be applied to or projected 

onto additional datasets, and which affords significantly more flexibility than clustering 

based models which are, by definition, discrete. This ability, allows researchers to 

investigate the underpinnings of a defined biological state that is quantitatively 

captured, rather than qualitatively developed such as in annotation or cluster based 

approaches. 

It is this class of analytical methods that our lab has leveraged to understand the 

inherent heterogeneity, and the clinical implications of that heterogeneity, that is present 

in a variety of cancers (45-49) (Figure 1). We have applied regression techniques to 

model key cellular signaling pathways that are commonly deregulated across cancer, 

and this approach provides a platform to predict how active or repressed a particular 

signaling pathway appears to be within a new biological sample. But perhaps most 

importantly, this methodology calculates a quantitative measurement of signaling 

deregulation that can then serve as a phenotype for further inquiry and discovery that 

qualitative assessments of pathway deregulation cannot offer. Even though these 

models have been built primarily from in vitro experiments, they have been shown to 

model deregulation which occurs across various cancer types and to robustly capture 

not only signaling deregulation but also clinical outcome and response to targeted 

therapeutic intervention (16). 
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Figure 1: Scheme for the development and assessment of a pathway activation 

signature.  

The process begins with the creation of a training dataset in which a given pathway is 

experimentally activated within a population of cell lines, RNA is prepared, and then 

used to generate whole genome gene expression data using DNA microarray analysis.  

This data is then employed with a Binary Regression methodology to develop a model 

reflected as a collection of differentially expressed genes with associated regression 

weights.  The model can then be applied to a test dataset, such as a collection of tumor 

samples, to predict the status of the pathway, represented as probability values that lie 

between the extremes of the training data. 
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1.2.2 Statistical validation of genomic analyses 

With all of these approaches, from dimension reduction to ontology analysis to 

cluster analysis, a key concern is the possibility of over-fitting data to a model that 

performs well in one dataset but fails to be reproducible outside of that dataset. This 

particular problem has been remarked on numerous times in the literature (50-52). 

Initially, leave-one- or leave-some-out methodologies were proposed to validate the 

utility of a genomic analysis. However, this method of validation can still be prone to 

over-fitting if the discovery dataset is not reflective of the general population being 

tested. Given this concern, holdout analysis should be used as initial assessment of 

robustness, though further analysis is necessary to robustly validate a model. 

Ideally validation of a genomic model should entail analysis in at least one 

separate, non-overlapping dataset in which the original finding is reproduced. A 

validation dataset could consist of samples collected from the same study but which 

withheld and processed and analyzed completely separately. However, this framework 

for validation assumes that the patient population accrued at during the study is 

reflective of the entire patient population as a whole, which may not always be the case. 

More often, however, validation datasets consist of publicly available data acquired 

from studies which were developed to address unrelated questions in the same disease 

or cellular setting. With the growth of resources such as GEO (53), the cancer genome 

atlas (54), and oncomine (55), it is increasingly possible to use such publicly available 
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data to validate the findings of genomic analyses, and this should be considered to be a 

critical component to any analytical assessment of genomic data. 

In addition to these methods of validation, one of the fundamental principles 

implemented in the analysis of high-dimension datasets such as microarray data is 

adjusting the analytical outputs to account for type-I and type-II error rates associated 

with testing numerous hypotheses concurrently. One of the simplest and most 

conservative methods to accomplish this is to adjust for family-wise error using a 

Bonferroni adjustment. While other methods for adjusting family-wise error have been 

proposed to improve the high type-II error rate of the Bonferroni adjustment, Bonferroni 

remains the most widely used adjustment for multiple testing.  An alternative method 

for adjusting reported significance is to estimate the false-discovery rate, which focuses 

on controlling type-II rather than type-I error. The most common implementation of 

false-discovery rate adjustments is the Benjamini–Hochberg step-up procedure, though 

this has been adapted and extended based on the specific usage scenario that the 

researcher employs (25, 56). 

 

1.2.3 Practical considerations for clinical application 

While genomic techniques have been implemented to understand the landscape 

of alterations that exist for numerous diseases, many of the analytical models generated 

cannot be implemented in the clinical setting where individual samples must be dealt 



 

15 

with in a timely manner. Also, gene expression arrays have not found their way into the 

clinical setting though they are relatively cost-efficient. This is due in part to ongoing 

concerns about the effects of batch variability on the data analyzed (26, 57). While the 

research community is well aware of the problem of batch-specific limitations on gene 

expression arrays, these caveats are not limited to gene expression analysis, and other 

important concerns exist when analyzing samples using microarrays or other genomic 

platforms (58-61). 

One of the other hurdles facing the clinical genomics community is the fact that 

most methods for classifying, clustering or otherwise analyzing patient samples rely on 

standardized or relativistic values of gene expression, and usually involve z-score 

transformation of the expression data. Such transformations, or calculations of fold-

change, directly require the analysis of multiple samples, and even during the 

preprocessing steps some of these challenges exist as well (62, 63). However, the 

prospective nature of clinical trials, where samples are collected in a rolling and time-

dependant manner, prevents such standardization because they are based on calculated 

population summary statistics as these cannot be assessed until the trial is finished. 

Moreover, centroid based gene expression signatures or classification schemes 

developed based on standardized expression data require similar manipulations of 

datasets to fit a sample to a centroid (64, 65). Even the recently reported ‘single-sample’ 

framework for GSEA analysis relies on standardized expression values, and as such is 
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only ‘single-sample’ with respect to the fact that each sample is scored for enrichment, 

rather than looking for enrichment differences across multiple groups of samples (66). 

The current methodological framework for GSEA provides no means to rank genes 

within a single-sample, leaving the researcher to perform such ranking prior to analysis.  

As mentioned above, the other critical component to consider is batch-specific 

variation, which represents the technical differences between samples run on the same 

array platform but on different dates, with different allotments of reagents, by different 

technicians or at different locations. While batch related variation has been extensively 

dealt with in the genomics community (67-71), it is a primary concern when analyzing 

genomic data. Numerous methods have been developed to identify and address this 

source of noise in genomic datasets including approaches that implement empirical 

Bayes, support vector machine, or factor based frameworks to identify and 

systematically adjust batch differences. In the case of non-array type platforms, the 

techniques to adjust batch effects are still nascent, though there is a clear necessity to 

consider this type of variation even during discretely quantitative analysis of sequencing 

data (26, 72). Given these concerns, prospective analysis of samples is not feasible 

without development of novel methods to adjust for gene expression differences 

between batches while also being able to robustly score individual samples that will not 

be collected as part of a large cohort of samples to be analyzed at the same time.  
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1.3 Glioblastoma 

1.3.1 Clinical presentation of glioblastoma and other diffusely 
infiltrative gliomas 

Primary brain cancers, while presenting as distinct histological diseases, contain 

significant molecular heterogeneity within each classification of disease, like many of the 

cancers described previously (73). While brain cancers are not among the most common 

form of cancer, nor are they the most lethal as a whole, most malignant primary brain 

cancers are clinically intractable and patients diagnosed with these diseases generally 

have extremely poor prognoses. Given the molecular heterogeneity found within this 

class of diseases, it is important not only to understand the presentation of this disease, 

but also the molecular drivers of tumor formation and clinical treatment response. 

The most commonly diagnosed form of malignant brain cancer is glioblastoma, 

which affects between two to five out of 100,000 people annually, and has a median 

overall survival of 12 to 16 months after diagnosis depending on the treatment a patient 

receives (74, 75). The majority of these tumors are initially diagnosed as World health 

organization (WHO) grade IV malignant glioblastoma (76), referred to as primary or de 

novo glioblastomas, which are distinct from secondary glioblastomas that result from the 

progression from a lower grade glioma. These tumors are a subset of glioma, tumors 

that derive from or resemble glial cells, which also include astrocytomas, 

oligodendrogliomas, and mixed oligoastrocytomas. 



 

18 

Most patients are diagnosed in their fifth or sixth decade of life, and there is a 

slight sex bias in disease incidence, with more men diagnosed with glioblastoma than 

women (75). Patients are most commonly diagnosed after MRI scan following a seizure, 

with tumors primarily present in the temporal or frontal lobe of the brain with 

significant edema associated with the tumor. Grading and definitive diagnosis are 

dependent upon histological examination of a suspected tumor mass from a stereotactic 

biopsy sample, however, preliminary assessment is based on a CT or MRI scan. 

Glioblastomas, along with grade II and III gliomas, are diffusely infiltrative 

tumors that have a central core to the tumor that is surrounded by tumor cells invading 

through the surrounding non-neoplastic tissue, which preferentially occurs along white 

matter tracks in the brain. These tumors are also highly proliferative and are 

characterized by the presence of a core tumor associated with an extremely high degree 

of hypoxic tissue, tumor necrosis, neovascularization, and psuedopalisading cells 

surrounding necrotic regions of the tumor. 

As glioblastoma tumors are diffusely infiltrative, recurrence of tumors occurs in 

nearly all patients due to the inability of surgical debulking of the tumor core to remove 

all tumor cells. Tumors may recur directly adjacent to the previous site of the tumor, or 

have been known to develop in previously unaffected areas of the brain, though this is 

less common. In contrast to other malignant tumors, patients with malignant gliomas 

rarely metastasize to other organ systems. 
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1.3.2 Molecular characteristics of glioblastoma 

In addition to the complex clinical presentation associated with glioblastomas, 

these tumors contain diverse molecular alterations responsible for tumor formation (77). 

Many alterations that occur commonly in glioblastoma have been well characterized for 

decades, though that knowledge has not translated into improved outcome for these 

patients. The most common alterations include amplification or mutation of EGFR (78, 

79), deletion of PTEN (80, 81), and deletion of the locus encoding p16INK4A/ARF (CDKN2A) 

(82, 83). Less frequent alterations, such as PDGFRA amplification or mutation, TP53 

mutation or deletion, and RB1 loss have also been well documented (84-87). Since these 

initial alterations have been discovered there has been intense focus on understanding 

the prevalence of these and other alterations driving tumorigenesis in this disease 

setting. Indeed, the cancer genome atlas (TCGA), profiled GBM tumors for their initial 

pilot project, detecting alterations that existed at the sequence, copy number, epigenetic, 

and expression levels throughout the genome. This confirmed the presence of not only 

these alterations but also a host of less frequent alterations, many of which had been 

documented as well (54). 

These alterations are responsible for promoting the aggressive proliferation,  

invasion, and vascularization associated with this disease. The premise underlying the 

majority of these studies was that by better understanding which lesions associated with 

glioblastoma, researchers would be able to target tumors harboring those specific 
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alterations and devising ways to subvert the malignant processes that a tumor relies on. 

However, these tumors don’t just depend on mutations; they are subject to the same 

heterotypic cellular environment described earlier. Within these tumors, it has been 

widely demonstrated that there is a progenitor cell niche that is responsible for 

tumorigenesis as well as tumor recurrence after therapeutic intervention (88-91). While 

there is ongoing debate about the exact identity of these stem-like cancer cells, it is clear 

that this is an important subset of tumor cells to focus on during research and drug 

development.  

While it was proposed that other characteristics of tumor development did not 

necessarily apply to brain tumors because of immune privilege afforded by the blood 

brain barrier (92), this assumption has been called into question given the number of 

immunological therapeutic approaches that appear to be efficacious (93, 94), and the 

expression of immune repressive signaling cascades in these tumors (95). Similarly, 

metabolic deregulation in gliomas has become an increasingly active area of research 

after mutations in isocitrate dehydrogenase genes (IDH1/2) were identified in secondary 

glioblastomas and low-grade gliomas (96-98). 

There has also been a growing appreciation for the impact of deregulation that 

occurs across multiple levels of the genome, including the epigenetic regulation of 

expression as well as deregulation of microRNA signaling. Studies from the cancer 

genome atlas have identified a strong protective affect that one class of methylation 
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patterns confers to a subset of gliomas (99). Moreover, numerous microRNAs have been 

characterized to be either induced or repressed during glioblastoma tumorigenesis, 

which adds another means by which normal cellular signaling can be deregulated in this 

setting (100-102). Many of these microRNAs have been shown to affect key oncogenic or 

neurological development pathways, including regulation of the Myc, TP53, or EGFR 

pathways as well as the REST and co-REST signaling axis (103-106). 

While these alterations are present glioblastomas, there clearly exists a 

continuum of cooperative alterations and tumor heterogeneity reminiscent of other 

aggressive cancer settings between glioblastomas tumors. Even within the same tumor, 

studies have demonstrated that spatial heterogeneity exists for MGMT promoter 

methylation (107), as well as RTK amplification status (108). It has also been 

demonstrated recently that mutations such as EGFRvIII can actively drive intratumor 

heterogeneity (109). The presence of this intratumor and interpatient variability directly 

implies that any hope of understanding the underpinnings of this disease depends on 

the molecular context of which alterations are present, and which signaling cascades 

within a tumor are actively deregulated to promote malignancy. 

 

1.3.3 Genomic classifications of gliomas 

Many of the studies enumerated above describe various alterations or signaling 

networks that are disrupted in glioma, though the majority of these studies focus only 
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on the context of a single alteration or a small set of alterations. To move beyond this 

analysis, where alterations are counted and enumerated, placing these genomic 

alterations in the context of each other and the population of patients affected by GBM 

provides a richer description of the disparate events that can drive tumorigenesis. 

Classifying tumors based on the coexpression of alterations may therefore lead to a 

better understanding of how to treat these tumors, and has become significantly more 

feasible due to the development of genome-scale assays. However, even at a more basic 

level, examining genomic alterations provides more concise and comprehensive 

information than simple histological examination which only detects the presence of a 

few key proteins or markers. 

Within the glioma community, there has been an intense focus on identifying 

molecular distinctions that exist within pathologically indistinguishable tumors. 

Initially, molecular profiling of a tumor was demonstrated to better reflect patient 

outcome than histological grading (110, 111), supporting the idea that these genome-

wide studies could provide contextual understanding not previously afforded. Since 

then there have been numerous studies investigating the molecular underpinnings of 

patient outcome and development of gliomas, with many studies including both high 

and low grade tumors to understand the impact of gene co-expression clusters or copy 

number alterations (19, 73, 112-114). There is also a growing body of evidence that 
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suggests that de novo glioblastomas are etiologically distinct from low grade tumors, 

which appear to develop from a distinct niche within the brain (97, 115-118). 

While the results from these studies were somewhat discordant, it is clear that 

there are certain common themes among the prognostic glioma subgroups identified. 

Several studies noted that tumors with proliferative or mesenchymal characteristics had 

poorer outcome than other subgroups. Research into the mesenchymal class of tumors 

demonstrated that this affect was driven by activation of Stat3 signaling (95). 

Conversely, several these studies identified that expression of genes involved in 

neurogenesis was associated with better patient outcome. Phillips et al. noted that in a 

number of cases where they arrayed patient tumors both before and after recurrence, 

that tumors that were initially proliferative or proneural in their expression profile often 

transitioned upon recurrence to a mesenchymal classification (19). 

Several more recent studies have focused on understanding glioblastoma as a 

distinct disease setting, with research primarily driven by the poor patient outcome. To 

date the TCGA has profiled hundreds of glioblastomas at the expression, copy number, 

sequence, and methylation level (54). Initial studies from this effort identified and 

corroborated many previously known alterations, and emphasized the perspective that 

the p53, RB-E2F, and Receptor Tyrosine Kinase pathways are central to GBM signaling. 

Later research from the TCGA identified four subgroups of glioblastoma using an 

unsupervised clustering analysis of gene expression (119), and noted that these groups 
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similar but not analogous to previously described prognostic subgroups of gliomas (19, 

112). Under this framework, the TCGA again identified a mesenchymal and proneural 

group, as well as a classical representation of glioblastoma and a neural group. Further 

analysis of these groups identified key alterations associating with each subtype, and 

demonstrated that the mesenchymal and classical subgroups of the disease that 

responded better to aggressive intervention than tumors from other subgroups. 

Subgroup classification schemes have also been developed using other genomic data 

sources, including protein or microRNA expression (100, 120), though these groupings 

are not completely concordant with gene expression derived classifications.  

To date however, beyond the prognostic implications mentioned above, few 

clinically actionable insights have been gained during these studies. Recent research has 

refined some of these studies to identify a panel of expression biomarkers that can be 

used to predict clinical outcome (121, 122), but targeting therapeutic interventions to a 

specific subgroup has thus far not been implemented. The subgroup definitions 

characterized by the cancer genome atlas and by Phillips et al. have become the most 

widely adopted classifications for gliomas, and glioblastoma in particular. While they 

have brought about a better understanding of the coincidence and potential cooperative 

alterations that exist, these studies conform to the idea that this disease can and should 

be understood as built by discrete and distinguishable entities. 
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This framework creates a simplistic rationale for diagnostic purposes, but such 

discrete delineations are not clearly reflected across all levels of genomic alteration 

within the same panel of tumors studied. The fact that few of the mutations or copy 

number alterations identified to be enriched within a given subgroup are exclusive to 

that subgroup directly argues that this disease exists as a continuum of disease. 

Additionally, some tumors have been identified in these studies have no clear driving 

alteration associated with them. Therefore, even though these studies have identified 

much of the genomic heterogeneity present in this disease, there is a clear need to better 

understand the drivers of these diverse phenotypes and to improve our understanding 

of patient outcome. 

 

1.3.4 Surgical and therapeutic interventions for treatment of 
glioblastoma 

While genomics has yet to directly inform the therapeutic intervention used in 

this disease setting, numerous advances have paved the way to begin approaching GBM 

treatment in a more personalized manner. The challenges to treating patients diagnosed 

with GBM are not exclusive to this disease setting and similar to many late stage 

malignancies glioblastoma tumors are both extremely aggressive as well as refractory to 

most interventions, with nearly all tumors recurring after surgical and therapeutic 

treatment. Despite the advances made in understanding the molecular biology of this 

disease, the most effective treatment methods developed to date involve surgical 
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removal of the tumor and radiation therapy. Still, even drastic resection techniques, such 

as removal of an entire hemisphere of the cerebellum harboring the tumor, have proven 

unable to fully cure patients diagnosed with this disease (117). However, despite nearly 

universal recurrence, the extent of resection has been demonstrated to be a clear 

determinant of patient outcome and overall survival, even if it does not offer a cure (28, 

123-128). 

Even when surgical resection is not possible nearly all patients receive radiation 

therapy, as early studies demonstrated that administration of 50-60 Gy of whole-brain 

radiation provided a clear benefit to patient survival (129, 130). While neurological 

deficits can results from radiation, radiotherapy is an important arm in treatment of 

gliomas, and is often employed when the tumor is deemed inoperable. However, the 

stem-like cell niche of glioblastomas has been demonstrated to be largely radiation 

resistant (89, 131, 132). Thus, like surgery, radiation therapy has extended patient overall 

and disease-free survival; however, it does not prevent recurrence nor cure patients of 

this disease. 

Until recently chemotherapeutic agents were used to little effect. The most 

commonly used therapies include cytotoxic and DNA damaging agents, such as 

carmustin (BCNU), PVC (procarbazine, vincristine, and lomustine (CCNU)), and 

temozolomide (133, 134). Temozolomide has been the most successful general treatment 

of patients with malignant gliomas, and patients treated with concurrent radiation and 
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temozolomide had an increased median overall survival time of approximately four to 

six months compared to patients that received radiation alone (135), and has since 

become the standard of care for this disease setting. Accurate measurements of 

progression free survival have been harder to quantify, as it has been demonstrated that 

a significant proportion of patients undergo psuedoprogression while receiving this 

treatment (136, 137). Similar to radiotherapy, several studies have proposed that stem 

cell niche of glioblastomas is largely unaffected by temozolomide treatment (88, 91, 138), 

and that poor patient outcome was related to a ‘self-renewal’ or stem-like phenotype 

(139). 

Temozolomide is converted to its active form active form, 3-methyl-(triazen-1-

yl)imidazole-4-carboxamide (MTIC), during systemic circulation at physiological pH 

and acts by methylating guanine residues at O-6 or alkyating N-7. Cytotoxicity to tumor 

cells is induced by the inability to repair this damage. The methylated guanine adduct is 

the substrate for the DNA repair enzyme Methylguanine methyltransferase (MGMT), 

while the alkyated adduct is repaired by O-6-alkylguanine-DNA alkyltransferase (AGT 

or AGAT). Guanine crosslinkages, which can be induced by BCNU, are also repaired by 

MGMT. Methylation of the MGMT promoter was associated with increased patient 

response to BCNU or temozolomide with or without radiation (140-143). Subsequent 

studies have demonstrated that MGMT promoter methylation is a significant prognostic 
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indicator that should be considered during the treatment of glioblastoma (28, 92, 127, 

144-148). 

Another significant development in the treatment of glioblastoma has been the 

use of the VEGFR-targeting monoclonal antibody bevacizumab (avastin) in recurrent 

glioblastomas (149, 150). Similar to treatment with temozolomide, there are concerns 

about the ability to track tumor recurrence during avastin treatment due to the 

phenomenon of psuedoresponse, which most likely reflects reduced edema surrounding 

the tumor and normalization of the blood brain barrier (151). This has, however, been 

posited to be one of the mechanisms for avastin’s efficacy, as reducing often improves 

quality of life for patients, though recurrences for patients treated with avastin are 

frequently characterized by extremely diffuse tumors (152). Concurrent avastin and 

temozolomide treatment at initial diagnosis was observed to increase progression free 

survival, but not overall survival (144). 

Targeted therapeutic intervention has also been an area of keen interest, given 

the prevalence of specific alterations in glioblastoma and the successes seen in other 

cancers. EGFR-specific small molecule inhibitors such as gefinitib or erlotinib that bind 

to the kinase domain of EGFR have had mixed results in clinical trials (153-157), and 

other studies have demonstrated that glioma-specific mutations in the extracellular 

domain or concurrent PTEN mutation affects the efficacy of these inhibitors (158, 159) 
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Similarly, initial clinical trials with lapatinib and cetuximab, which target the 

extracellular domain, have not had impressive results to date (160, 161). 

Targeting the appropriate subset of glioblastoma patients is a key area of concern 

when using any of these agents, as demonstrated by the effect of MGMT. Selectively 

targeting an appropriate subset of patients has also shown success with immunological 

approaches to target the EGFRvIII mutation (93). Other targeted therapeutics or 

immunological approaches are actively being tested in glioblastoma (134, 162), though 

EGFR remains one of the most attractive broad-spectrum target owing to the frequency 

at which alterations are found in this disease. However, identifying additional molecular 

determinants governing which patients respond the commonly used cytotoxic agents or 

new targets for small-molecule based therapeutics is a key strategy to improving the 

outcome of patients diagnosed with malignant gliomas. 

 

1.4 Research rationale and summary 

The ability of genomic technologies to expand our understanding of complex 

disease states is not in question. However, there are clear areas where our current 

understanding of malignant gliomas can and should be improved. The underlying 

mutations and other alterations that have been described in this cancer have primarily 

been identified based on the frequency, predicted functionality, and amplitude of an 

alteration. While these studies have lead to understanding of this disease at a fairly 
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atomized level, too little emphasis has been placed on the biological context in which an 

alteration occurs. Though studies have focused on alterations occurring in discrete 

subsets of these tumors, even this description appears incomplete, as some subtypes 

have no clear driving alterations. As the genomic complexity of cancer becomes more 

thoroughly characterized, it is imperative that we do not ignore the potential role that 

less frequent or less obvious alterations play during tumor development and malignant 

progression. The research described in chapter two documents our approach to 

annotating genomic alterations as they co-occur with signaling deregulation in 

malignant gliomas. We note that this method not only identifies many well 

characterized genes that have been commonly described in this setting, such as PTEN, 

EGFR and RB1, but also identifies recently characterized alterations that have not been 

implicated in glioma development before. Moreover, we expand this research to 

investigate the clinical impact these alterations have, identifying an ubiquitin-like 

protein (UBL3) on chromosome 13 that associates with patient outcome and xenograft 

response to standard of care intervention. 

Then, research presented in chapter three focuses on the clear gaps in our ability 

to move the genomic techniques we utilize from the discovery phase, where samples can 

be analyzed retrospectively without consequence, to a translational setting where timely 

analysis of genomic data is essential. We address the concern that pathway signatures, 

while useful for annotating and studying the disease process, are incompatible with the 
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prospective clinical setting by developing a framework to implement accurate and rapid 

analysis of genomic signatures based on data obtained from a single patient. To 

overcome batch and standardization related issues, we propose the use of a predefined 

reference dataset, and demonstrate that such datasets provide the necessary backbone to 

predict an individual sample with a high degree of fidelity. 
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2. A Pathway Association Framework for Identification of 
Significant Genome Alterations in Glioblastoma 

2.1 Summary 

The complexity of the genomic alterations present in most cancers, including 

glioblastoma, challenges the ability to identify events that drive the oncogenic process 

and disease phenotype. While numerous studies have catalogued the genetic complexity 

of this disease, alterations are identified primarily based on their frequency, rather than 

their functional impact. To better understand driving alterations in glioblastoma, we 

implemented an association study to identify loci linked with oncogenic phenotypes 

captured using a series of gene expression signatures reflecting key signaling pathways. 

We found that several of the pathways analyzed were differentially enriched across the 

subgroups of glioblastoma, were associated of with the patient survival, and were linked 

to mutations in known pathway regulators. We extended this framework to identify 

driving copy number alterations of in the cancer genome atlas (n = 305). We validated 

these associations at the expression level in the cancer genome atlas, as well as in 

samples from previously published glioblastoma studies (n = 480) and a panel of in vitro 

and in vivo models (n = 49). Among the candidate alterations identified was chromosome 

13q12.3, which was inversely associated with IFNγ signaling (P = 2.64x10-6). We 

demonstrated that loss of UBL3, specifically, was associated with poor patient outcome 

(P = 0.002), which we validated in a panel of xenograft lines. In these lines, low 
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expression of UBL3 corresponded to poor response to treatment with either 

temozolomide (P = 0.015) or avastin (P = 0.034). 

 

2.2 Background 

Glioblastoma (GBM), like most human cancers, is characterized by substantial 

heterogeneity, both with respect to clinical features as well as molecular characteristics. 

This heterogeneity confounds not only the understanding of the molecular mechanisms 

giving rise to GBM, but also impedes the development of therapeutic strategies that 

match the characteristics of the individual patient’s tumor. The power afforded by 

genome-scale analyses of gene expression, DNA sequence alterations, and chromosomal 

alterations has begun to provide a more detailed understanding of the complexity of the 

disease. Analysis of global gene expression using DNA microarrays has demonstrated 

the ability of genomic scale investigations to differentiate glioma grade (111), 

oligodendroglial and astrocytic tumors (110), and de novo and progressive GBMs (73, 

116). Expression analyses have also shown the ability to delineate subsets of patients 

with different prognoses and identify genes distinguishing patients with a good 

prognosis from those with a poor prognosis (19, 112, 122, 163-165). Similarly, studies of 

chromosomal alterations, mutations, protein expression, and microRNA expression 

have shown the capacity to capture key information regarding tumor heterogeneity and 

alterations driving gliomagenesis (97, 100, 102, 120, 166-168). 



 

34 

A key challenge posed by the enormous complexity of data now being 

developed through these genomic studies is the ability to distinguish which low 

frequency events are functionally important and which represent noise. Recent studies 

within the Cancer Genome Atlas (TCGA) and other large-scale projects have used copy 

number alterations to identify GBM subtype specific alterations (166), epigenetic 

expression regulation across genome and cooperative alterations that appear to be 

maintained together (54, 169, 170). Further, studies of high-grade gliomas spontaneously 

induced in mice have recently suggested that initial alterations in the TP53, PTEN, and 

RB1 genes can generate the heterogeneity of copy number alterations, as well as patterns 

of genome-scale gene expression, found in the human disease state (171). This may 

provide an important experimental model, but such studies have not addressed what 

function the range of subsequent alterations play in maintaining the tumor phenotype or 

how they promote the range of phenotypes observed. 

To address this issue, and identify potential drivers of GBM tumorigenesis, we 

have sought to understand the copy number landscape in GBM not only as a function of 

the rate at which a particular alteration occurs, but also by analyzing whether an 

alteration co-occurs with the activation of key signaling pathways that are deregulated 

in most cancers. For this analysis, pathway activity was quantified using a suite of gene 

expression-based genomic signatures derived from in vitro experiments that have been 

shown to predict patient outcome and sensitivity to therapeutics targeting these 
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pathways (16, 45). Our analytical framework for integrating genomic signatures with 

copy number data draws from previous work in breast cancer where a genomic 

signature lead to the identification of CSN5 as a modulator of the wound-healing 

phenotype through coordination with Myc (172). The work we describe here builds from 

that study, employing the concept of genetic association analysis as the framework for 

discovery of genome alterations driving disease states. The results from our study 

demonstrate the ability to use of expression signatures of oncogenic pathway activation 

as relevant quantifiable phenotypes for an association framework, and the capacity for 

this approach to identify novel alterations in the complex disease setting of 

glioblastoma.  

 

2.3 Results 

2.3.1 Expression signatures reflect the distinctions among GBM 
subtypes 

Genetic association studies seek to identify genetic variants that exhibit a 

statistically significant linkage with a given phenotype across a population of 

individuals. In the context of human cancers, genetic variants can be represented by 

germline polymorphisms as well as somatic gene mutations or chromosomal alterations, 

either of which can result in a gain or loss of function. Similarly, phenotypes can be 

represented not only as observable traits but also any quantifiable measure of relevance 

to the disease state. 
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Many recent studies have emphasized the view that the consequence of gene 

mutation and genome alteration can be best understood as the deregulation of the cell 

signaling pathways in which these genes function (54, 173). Recognizing the opportunity 

to use pathway activation as a relevant cancer phenotype, together with the wealth of 

integrated genomic data in GBM, we have carried out an analysis aimed at identifying 

genomic loci that, when altered, coincide with deregulation of relevant oncogenic 

signaling pathways (Figure 2). Our approach to generating measures of pathway 

activity makes use of expression signatures derived from defined experimental 

perturbation of a given signaling activity. These signatures offer the advantage of 

providing a measure of pathway activity irrespective of how the pathway may have 

been activated (16, 45, 174). The signatures can then be projected into additional 

samples, including tumors, resulting in the probability of pathway activation for those 

samples and can serve as a quantitative trait across a population of tumors (45).  
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Figure 2: Utilizing pathway signatures for a genetic association study. 

Scheme for identification of novel candidate genes associated with pathway signaling 

utilizing integrated genomic data from the TCGA glioblastoma project to link pathway 

activity with copy number alterations. Family-wise error adjustment and peak finding 

are implemented to identify candidate loci for association and validation of expression 

level associations across multiple GBM datasets is used to identify candidate genes. 



 

38 

As a starting point in the analysis, we recapitulated the gene expression-derived 

GBM subtypes described by the TCGA as a framework to evaluate the pathway 

signatures (Figure 3A) (119). We then used the signatures to predict the deregulation of 

pathway activity associated with these four subtypes. As seen in Figure 3B, distinct 

patterns of pathway activity were evident within these subtypes (P < 0.01, Kruskal-

Wallis), which reflected previous characterizations of each group in many cases. 

Examples include activation of β-Catenin, E2F1 and Myc within the Proneural subtype, 

consistent with the proliferative and stem cell-like characteristics of this subtype. 

Similarly many mitogenic and inflammatory response pathways, such as Ras, Stat3, 

interferon (IFN) and receptor tyrosine kinase (RTK) signaling, were highly active in the 

Mesenchymal subtype. Classical samples showed activation of the HER2 pathway and 

active P53 signaling, while Neural tumors were characterized by elevated Akt and Src 

signaling.  
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Figure 3: Pathway activation in GBM samples. 

A) Unsupervised hierarchical clustering (USHC) of standardized gene expression 

characterizing the core TCGA subtypes (n = 176). High gene expression is shown in red 

and low gene expression is shown in green. B) Unidirectional unsupervised hierarchical 

clustering of core TCGA GBM samples across cell signaling pathways. High pathway 

activity is shown in red and low pathway activity is shown in blue. Patient samples 

ordered as in A. 
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To further determine whether these signatures were an appropriate phenotypic 

marker for pathway signaling in GBM, we examined the impact of limiting the binary 

regression to a predefined set of GBM-related expression probesets (Figure 4). We first 

filtered the Affymetrix probesets for each training file to only the genes that were 

previously defined as consistently and highly differentially expressed in GBM tumors 

by the TCGA (119). We then rebuilt the pathway signatures on this limited probeset and 

predicted the pathway activity of the GBM tumors with these re-derived signatures. 

Under this analysis, we found that in general many of the signatures had a strong 

degree of correlation when generated on either the whole expression dataset or the 

GBM-related expression subset of probes, though the PTEN and p63 predictions were 

poorly correlated between the original and filtered signatures (R < 0.5, Pearson 

correlation, Figure 5).  This suggests that most of these signatures, while derived in and 

for a heterologous background, can still be used in the setting of GBM to obtain accurate 

predictions, though results from the PTEN and p63 signature may be less reliable than 

some of the other signatures.
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Figure 4: Overlap between pathway signature, GBM subtype and highly differentially 

expressed GBM genes 

Venn diagram depicting genes identified either during pathway signature development 

(blue), or by Verhaak et al. as forming the basis for the GBM subtypes (green) or genes 

which were identified as being consistently and highly differentially expressed across 3 

array platforms by Verhaak et al. (orange). The highly differentially expressed genes 

(orange) were the only genes upon which the filtered pathway signatures in Figure 5 

were trained. 



 

42 

 

Figure 5: Robustness of pathway signatures when limited to GBM-related genes 

Comparison of the predictions from the original pathway signatures and predictions 

generated using pathway signatures that were built using only the previously identified 

GBM-related genes. Pathway signatures were run on TCGA GBM samples (n = 356). 
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2.3.2 Integrating pathway data with genomic alterations. 

To further explore the use of these signatures in an association framework, we 

tested the ability to link oncogenic mutations with activation or repression of relevant 

pathways (Figure 6). Mutations in TP53 were associated with low predicted p53 

pathway activity (P = 0.027, Wilcoxon Rank-Sum), consistent with TP53 mutations being 

largely dominant negative. Likewise, mutations in negative regulators of pathway 

activity that include NF1 (P = 0.001, Ras pathway), RB1 (P = 0.009, E2F1), and PTEN (P = 

0.004, PI3K) were each enriched in samples with high pathway activity. While EGFR 

activity only approached significance when comparing EGFR mutant and wild-type 

samples (P = 0.06), high activity trended towards enrichment in the tumor samples 

carrying a mutation in EGFR. 

 

Figure 6: Linking driver mutations with pathway activation. 

Comparison of pathway activity of patients with or without validated non-synonymous 

coding mutations in key pathway regulators. Wilcoxon Rank-Sum P-values shown. Bars 

indicate median pathway activity. 
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Given the ability to link pathway activity with mutations in known driver genes, 

we extended this analysis to compare each of the pathways to the landscape of copy 

number alterations across TCGA GBM samples (n = 305, Figure 7A). The association 

analysis was directional, providing the ability to differentiate between putative 

activators and repressors of cell signaling. Activators were expected to have significant 

direct associations with pathway activation, while negative regulators would exhibit an 

inverse association with pathway activation. Many of the associations reached statistical 

significance after accounting for family-wise error when testing across all genomic loci 

(P < 4.48x10-6, Spearman correlation) (Figure 7B). We then identified global and local 

minima of significance, identifying 74 1.5 Mbp regions that approached or reached 

significance on 13 of the autosomes (Table 1, Figure 8). 
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Figure 7: Association between copy number alterations and pathway activity. 

A) Landscape of copy number alterations present in GBM tumors. The proportion of 

patients altered at a particular locus is depicted for (top) gains or (losses) and the 

amplitude of the alteration. B) Spearman correlation P-values for association between 

copy number alterations and individual pathways across the autosomes. Direct 

correlations are shown in red, and inverse correlations are shown in blue. 
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Figure 8: Location of GISTIC and Pathway Associated Regions of Interest 

Chromosome ideogram displaying the location of significant focal regions of interests 

(ROI) identified by GISTIC (q < 0.05, green, right side) or pathway associated loci (Padjusted 

< 0.5, red, left side) for all chromosomes. 
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We also examined the extent to which pathway association analysis provided an 

opportunity for discovery beyond the commonly used GISTIC algorithm (Figure 8), 

which identifies genomic regions that are altered in a population of samples more 

frequently and with a higher amplitude than expected by chance (175, 176). To assess the 

differences in the results from these two methods, we calculated the distance between 

each pathway associated locus and the nearest significant GISTIC focal region of interest 

(ROI, q < 0.05). While there was a subset of pathway-associated loci that coincided with 

GISTIC ROIs, such as the loci containing known alterations such as EGFR, PTEN and 

PARK2, we found that more than half of all pathway associated loci were located more 

than 10 megabase pairs (Mbp) from the nearest GISTIC ROI (Figure 9). These 

distinctions suggest that the pathway association analysis, in principle, can identify 

novel alterations that play a role in tumorigenesis that would otherwise remain 

obscured because they are not the most frequent or have the highest amplitude 

compared to neighboring loci. 
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Figure 9: Distance between GISTIC ROIs and pathway associated loci 

Determination of the distance between a particular pathway associated locus and the 

nearest GISTIC ROI. Pathway associated loci which are on chromosomes with no 

GISTIC ROI withheld from this analysis, and the significance at which a pathway is 

associated with a given locus is depicted by the color of the bars shown. A) Histogram of 

the distance between a given pathway associated locus and the nearest GISTIC ROI, 

binned every 2.5 Mbps. B) Histogram depicting whether the nearest GISTIC ROI is 

closer or further than 10 Mbp from a given pathway associated locus  
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2.3.3 Pathway association analysis identifies known and putative 
drivers in GBM. 

In addition to regulators of pathway signaling in GBM, we anticipated that some 

of the regions associated with pathway activity would include genes that were present 

within the pathway signatures, as these are the most likely candidate drivers of the 

pathway associations. This was the case for PTEN (P = 2.07x10-11, PTEN signature), 

EGFR (P = 1.92x10-6, HER2) and a suite of IFN response genes neighboring PTEN, 

IFIT1/2/3 (P = 1.23x10-6, IFNα). In contrast to these loci, most of the regions identified did 

not contain genes that were also present in the expression signature. To identify which 

genes within a candidate region were driving the association, we analyzed the 

expression of these candidate genes anticipating that a copy number change relevant for 

control of a pathway would coincide with a change in expression of candidate drivers 

(Appendix A). In addition to analyzing expression from TCGA samples (n = 367), we 

also ran an analysis of an additional dataset consisting of GBM samples (n = 480) 

aggregated from 6 previously published studies (19, 112, 114, 139, 177, 178), confirming 

association at the gene expression level after accounting for family-wise error due to 

multiple testing (P < 2.85x10-5, Spearman correlation). We further validated nominal 

expression-level association of candidate genes in a panel of GBM xenograft and cell 

culture lines that we arrayed in replicate (n = 49). These results are summarized in Table 

1.  
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Table 1: Copy number alterations significantly associated with pathway activity in all 

GBM expression datasets 

   

Copy 

Number 

Association  Expression Association 

Locus Pathway Direction P 

Gene 

Symbol P, TCGA 

P, 

Validation 

P, GBM 

Model 

1, Mbp 154.6 BCAT Direct 1.58E-10 ILF2 P < 1E-20 2.16E-85 3.68E-07 

        CKS1B P < 1E-20 2.52E-84 9.22E-04 

        C1orf77 P < 1E-20 6.34E-35 3.94E-02 

        FDPS P < 1E-20 3.64E-32 4.79E-02 

        UBAP2L 3.84E-11 4.51E-33 1.39E-04 

1, Mbp 196.1 BCAT Direct 1.10E-08 ASPM P < 1E-20 6.98E-128 3.27E-04 

1, Mbp 69.6 BCAT Direct 8.76E-08 DEPDC1 P < 1E-20 3.36E-62 3.01E-04 

        LRRC40 P < 1E-20 3.59E-28 1.51E-03 

1, Mbp 95.1 BCAT Direct 1.91E-08 DNTTIP2 4.57E-09 1.12E-23 7.07E-03 

3, Mbp 126.0 BCAT Direct 8.40E-06 MCM2 P < 1E-20 1.48E-129 1.98E-05 

        SNX4 2.96E-16 6.70E-32 4.22E-03 

9, Mbp 140.2 BCAT Direct 1.10E-07 TUBB2C P < 1E-20 3.16E-15 3.71E-03 

        NOTCH1 1.29E-07 6.02E-23 2.81E-02 

1, Mbp 154.6 E2F1 Direct 1.97E-07 ILF2 3.15E-17 4.09E-33 2.86E-04 

        CKS1B 8.52E-15 1.45E-34 2.91E-02 

1, Mbp 94.1 E2F1 Direct 2.43E-07 MTF2 8.01E-13 3.00E-18 5.68E-06 

6, Mbp 56.6 E2F1 Direct 6.53E-06 PRIM2 1.65E-18 1.03E-22 2.87E-03 

9, Mbp 140.2 E2F1 Direct 5.26E-09 TUBB2C 5.82E-15 6.39E-19 1.64E-03 

        NOTCH1 8.43E-06 2.93E-13 1.01E-02 

9, Mbp 33.7 E2F1 Direct 2.30E-05 FANCG 7.39E-19 1.77E-31 6.65E-03 

        DCTN3 4.71E-11 3.20E-11 1.79E-02 

1, Mbp 154.6 E2F3 Direct 3.76E-07 C1orf77 3.85E-13 2.29E-18 2.24E-03 

        ILF2 4.34E-11 3.30E-20 9.37E-05 

        UBAP2L 2.65E-07 1.64E-06 4.20E-03 

1, Mbp 202.6 E2F3 Direct 3.60E-06 IPO9 1.68E-12 1.22E-12 8.44E-04 

        RABIF 9.61E-12 1.25E-10 3.32E-03 

        TMEM183A 1.85E-06 4.16E-09 4.97E-04 

        KDM5B 5.44E-06 2.26E-05 4.28E-02 

3, Mbp 185.5 E2F3 Direct 8.04E-06 RFC4 1.45E-18 4.75E-34 1.62E-03 

        TRA2B 3.79E-13 1.67E-18 4.05E-03 

        TBCCD1 3.45E-08 4.35E-07 2.27E-02 

6, Mbp 35.1 E2F3 Direct 3.21E-08 FANCE 1.87E-14 6.28E-14 1.01E-02 

9, Mbp 140.2 E2F3 Direct 1.16E-06 TUBB2C 2.56E-18 1.57E-26 1.02E-02 

        NOTCH1 1.64E-12 1.11E-13 1.42E-03 

10, Mbp 125.6 EGFR Direct 3.46E-05 CHST15 1.28E-11 3.88E-25 2.32E-03 

1, Mbp 163.6 EGFR Inverse 2.12E-07 PBX1 9.34E-16 3.17E-07 1.19E-03 

3, Mbp 187.5 EGFR Inverse 1.21E-05 MASP1 2.25E-09 1.10E-09 1.45E-02 

9, Mbp 140.2 EGFR Inverse 3.86E-05 TUBB2C 1.51E-16 3.49E-17 1.16E-02 

        NELF 4.65E-06 9.52E-13 7.14E-03 
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Table 1 (continued) 

   

Copy 

Number 

Association  Expression Association 

Locus Pathway Direction P 

Gene 

Symbol P, TCGA 

P, 

Validation 

P, GBM 

Models 

1, Mbp 164.6 HER2 Inverse 6.71E-09 MGST3 3.61E-06 4.34E-07 4.24E-02 

1, Mbp 41.6 HER2 Inverse 2.04E-09 CTPS 3.21E-14 3.54E-06 2.85E-05 

10, Mbp 91.6 IFNA Direct 1.23E-06 IFIT3 2.34E-38 4.68E-53 2.09E-07 

        IFIT2 2.86E-24 9.10E-20 2.66E-04 

        IFIT1 2.93E-24 6.08E-26 6.40E-07 

        FAS 4.15E-08 4.21E-06 7.16E-03 

13, Mbp 31.1 IFNA Inverse 2.96E-07 HMGB1 7.64E-18 5.75E-13 2.67E-02 

        UBL3 8.98E-06 1.95E-09 7.71E-03 

13, Mbp 31.1 IFNG Inverse 2.64E-06 HMGB1 2.45E-20 2.52E-16 5.24E-03 

        UBL3 5.32E-09 6.74E-18 4.77E-03 

10, Mbp 126.6 MYC Inverse 1.81E-11 LHPP 5.73E-12 9.37E-30 7.06E-04 

11, Mbp 117.2 MYC Inverse 7.70E-07 SIDT2 2.95E-10 3.47E-15 4.37E-03 

        BACE1 7.54E-06 6.15E-07 2.02E-03 

11, Mbp 12.7 MYC Inverse 7.65E-06 DKK3 P < 1E-20 5.09E-25 8.10E-04 

11, Mbp 0.2 P53 Direct 6.75E-06 SIRT3 P < 1E-20 1.06E-36 8.26E-08 

        TMEM80 2.14E-09 4.70E-06 2.08E-03 

        PTDSS2 1.03E-08 1.64E-09 3.61E-04 

1, Mbp 153.1 P53 Inverse 2.17E-06 ILF2 P < 1E-20 1.75E-29 7.41E-03 

        UBAP2L 1.80E-07 2.32E-14 5.72E-04 

1, Mbp 112.1 PI3K Direct 3.11E-05 WDR77 9.19E-06 3.83E-19 8.81E-04 

1, Mbp 153.6 PI3K Direct 4.08E-05 CKS1B P < 1E-20 4.98E-27 1.28E-03 

        ILF2 5.00E-11 5.44E-36 5.48E-03 

        C1orf77 7.58E-08 2.05E-15 2.38E-02 

10, Mbp 89.6 PTEN Direct 2.07E-11 PTEN 9.64E-130 1.09E-201 P < 0.01 

1, Mbp 177.1 STAT3 Inverse 5.02E-07 FAM5B 7.99E-07 9.21E-07 6.65E-05 

17, Mbp 35.5 STAT3 Inverse 1.60E-05 PCGF2 P < 1E-20 1.95E-09 2.20E-02 

8, Mbp 125.1 STAT3 Inverse 9.95E-06 MTSS1 1.60E-11 1.20E-14 6.93E-05 

        SQLE 1.48E-08 4.79E-09 4.65E-03 

9, Mbp 37.2 STAT3 Inverse 2.61E-05 ZBTB5 P < 1E-20 6.97E-08 2.17E-03 

        RNF38 5.01E-06 4.26E-09 8.79E-04 

10, Mbp 125.6 TNFA Direct 2.57E-07 CHST15 1.47E-06 6.09E-16 8.42E-03 
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To use one analysis as an example, we focused on candidate genes associated 

with the E2F1 pathway (Figure 10). By combining copy number alterations with 

expression change to identify candidate genes driving the association within these 

regions, we positively identified NOTCH1 as a regulator of E2F1 (P = 5.26x10-9), as well 

as E2F3 (P = 1.16x10-6) and ß-catenin (P = 1.10x10-7), which has been shown to occur 

through LEF1 (179). This is also consistent with recent proteomic analysis of GBM that 

demonstrated that the cleaved form of NOTCH1 associated with phosphorylated RB, 

indicative of active E2F signaling (120). Examples of previously uncharacterized GBM 

pathway regulators include a suite of genes that putatively regulate the activity of the 

E2F pathways. Two of these genes, CKS1B (P = 1.97x10-7, E2F1 pathway) and KDM5B (P 

= 3.60x10-6, E2F3), are known to act as upstream regulators of the E2F pathway (180, 

181). In addition to KDM5B, MTF2 (P = 2.43x10-7, E2F1) was also identified, and both are 

involved in embryonic stem cell pluripotency and epigenetic regulation (182, 183), 

perhaps reflective of the proneural association with E2F1. We also identified a Fanconi 

Anemia gene, FANCE, which was associated with E2F3 activation (P = 3.21x10-8). 

Finally, we found that ASPM was significantly associated with β-catenin signaling (P = 

1.10x10-8), consistent with the reported role for ASPM in GBM tumorigenesis and WNT 

signaling in the developing brain (184, 185). 
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Figure 10: Association between E2F1 signaling and copy number alterations 

Association between copy number alteration and E2F1 pathway activity. Thresholds for 

statistical significance are shown at a family-wise error adjusted P-value of 0.5 (-log10(P) 

= 4.35) and 0.05 (-log10(P) = 5.35). Candidate loci are indicated with an arrow (adjusted P 

< 0.05, black; adjusted P < 0.5 and > 0.05, white). Genes that were known to drive E2F1 or 

had significantly associated expression values with E2F1 activity across three 

independent datasets are labeled at the corresponding locus. Both direct (red) and 

inverse (blue) associations are shown. 

 

Additionally, we found that several known pathway regulators approached 

significance in the copy number association analysis while being significantly associated 

with pathway activity at the gene expression level, and vice versa. Loci that approach 

copy number association but which had strong evidence of association across the three 

expression datasets include another Fanconi Anemia gene, FANCG (P = 2.30x10-5, E2F1), 

as well as SIRT3 (P = 6.75x10-6, P53 pathway) and DKK3 (P = 7.65x10-6, Myc). SIRT3 is a 

known modulator of apoptosis that has been shown to be deregulated at the expression 

level in GBM (186). Similarly, DKK3, a dikkopft family member, is known to repress 

Myc expression (187). Two replication complex associated genes, RFC4 (P = 8.04x10-6, 
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E2F3) and PRIM2 (P = 6.53x10-6, E2F1), also approached significance. Other studies have 

found that RFC4 is overexpressed in other cancers (188, 189), which we also observed in 

both the TCGA GBM and REMBRANDT glioma databases (Figure 11). Finally, copy 

number of RB1, the canonical E2F repressor, was inversely associated with E2F1 activity 

(P = 3.11x10-9) and approached significance at the expression level in the TCGA dataset 

(P = 8.63x10-5). 

 

 

Figure 11: RFC4 expression in normal brain and glioblastoma tissue samples 

Relative expression level of RFC4 measured in either normal brain (NB) samples or 

glioblastoma samples (GBM). A) TCGA samples analyzed based on log2 expression 

values. B) REMBRANDT database samples. *** P < 0.001, Wilcoxon Rank-Sum Test 
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2.3.4 Patient outcome is stratified by pathway signaling 

While the identification of known and likely regulators of pathway activity in 

GBM may lead to a more complete understanding of the alterations that drive 

tumorigenesis, this framework may also identify clinically relevant alterations that were 

previously uncharacterized. Therefore, we also examined the extent to which pathway 

activity was associated with clinical outcome of patients, focusing on patients that 

received aggressive therapeutic intervention (> 3 cycles of targeted therapeutics or 

chemotherapy, or concurrent chemotherapy and radiation). We compared differences in 

overall survival by stratifying patients based on whether they had high (Probability ≥ 

0.5) or low (Probability < 0.5) pathway activity. 

Three pathways reached significance after accounting for multiple testing (P < 

2.94x10-3, log-rank; Figure 12) including the E2F1 (P = 1.41x10-3, log-rank) pathway, 

where high pathway activity coincided with longer patient survival. Additionally, 

elevated activity of the IFNγ (P = 2.25x10-3) and Ras (P = 5.7x10-4) pathways was 

associated with poor patient outcome. Identification of the Ras and IFNγ pathways was 

consistent with the generally poor prognosis of Mesenchymal tumors (19). Previously 

described links between patient outcome and two additional pathways characteristic of 

the Mesenchymal subtype, STAT3 (P = 6.83x10-3) and TNFα (P = 3.64x10-3), approached 

but did not reach significance (95, 190, 191). 
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Figure 12: Patient outcome during aggressive therapeutic intervention is stratified by 

E2F1, IFNγ, and Ras pathway activity 

Overall survival of TCGA patients receiving aggressive therapeutic intervention (>3 

cycles of chemotherapy or targeted therapy, or concurrent chemotherapy and radiation 

treatment; n = 164). Patient samples are group as having either high (Probability ≥ 0.5, 

beige) or low (Probability < 0.5, blue) activity for E2F1, IFNγ, or Ras. Nominal log-rank 

P-values are shown. 

 

While the identification of pathways associated with mesenchymal signaling was 

anticipated, E2F1 acting as a beneficial prognostic marker was surprising because 

proliferative signatures and genes have been demonstrated to be associated with poor 

patient outcome (19, 112, 121, 122). However, these studies compared all patients, 

regardless of intervention. This identification could reflect the apoptotic control that 

E2F1 exerts on cellular signaling, or the role that proliferation may play during induced 

mitotic catastrophe. To further understand this relationship between E2F1 signaling and 

patient outcome, we also analyzed patients which did not receive aggressive 
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intervention. In this setting, in contrast to the aggressive setting, high E2F1 activity 

coincides with poor patient prognosis, consistent with previous findings (Figure 13). 

Moreover, under multivariate analysis accounting for other known prognostic 

indicators this relationship is still noted, with E2F1 having a strong prognostic effect that 

was dependant on treatment. High E2F1 activity was both a good prognostic marker in 

the aggressive treatment setting (P = 0.014, HR = 0.78 (0.61 – 0.95)) while being a poor 

prognostic marker in the nonaggressive setting (P = 0.002, HR = 1.70 (1.21 – 2.39)) (Table 

2). Considering that some of these studies were conducted prior to or concurrent with 

the landmark clinical trial investigating Temozolomide treatment in glioblastoma (135), 

and that none of these studies recorded or stratified patients based on intervention, this 

could explain some of these findings as temozolomide treatment is by far the most 

common treatment recorded by the TCGA.  
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Figure 13: E2F1 is a poor prognostic marker in the non-aggressive treatment setting 

Overall survival of TCGA patients receiving non-aggressive therapeutic intervention (<4 

cycles of chemotherapy or targeted therapy, and non-concurrent chemotherapy and 

radiation treatment; n = 109). Patient samples are group as having either high 

(Probability ≥ 0.5, beige) or low (Probability < 0.5, blue) activity for E2F1. The nominal 

log-rank P-value is shown comparing survival between the two groups. 
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Table 2: Multivariate Cox Proportional Hazards analysis of E2F1 and prognostic 

markers in GBM patients 

 Cox P HR (95% CI) 

Age at Diagnosis 0.001 1.02 (1.01 – 1.03) 

KPS 0.004 0.98 (0.97 – 0.99) 

MGMT Promoter Methylation† 0.810 0.96 (0.66 – 1.39) 

E2F1 Activity ** 0.014 0.78 (0.61 – 0.95) 

Nonaggressive Treatment† 0.004 1.67 (1.18 – 2.36) 

E2F1 : Nonaggressive 0.002 1.70 (1.21 – 2.39) 

** E2F1 pathway scores logit transformed prior to cox PH analysis 
† variables entered as logical (true/false) values for analysis 

 

To determine whether E2F1 signaling captures the proliferative capacity of these 

tumors, similar to the other prognostic signatures generated by previous studies, we 

compared E2F1 pathway signaling to the mean expression of each of the signatures 

developed for predicting patient outcome, determining the concordance between these 

signatures (Figure 14). Under this analysis we also found that the E2F1 shows a strong 

degree of correlation with the Proliferative subtype and the H2CA glioma cluster when 

applying those signatures to the TCGA GBM database, as well as HJURP and CHAF1B, 

genes previously noted for their association with proliferation (19, 112, 121, 122). 

Therefore, we conclude that the signatures, while not identical, capture similar 

characteristics of GBM tumors, and the activity of E2F1, while initially perplexing, is 

consistent with the proliferative signatures developed in previously published studies. 
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Figure 14: E2F1 pathway signaling reflects proliferative signaling in GBM tumors 

TCGA GBM samples were analyzed using either the E2F1 pathway signature or the 

prognostic signatures developed by Phillips et al., Freije et al., Murat et al., Colman et al. 

or deTay Rac et al. Pearson correlation coefficient shown for between each signature or 

gene and the predicted E2F1 activity of a patient. A) Prognostic signatures were 

analyzed by comparing calculating the centroids of the signature genes listed for each 

prognostic signature. Bars on the left of each graph show the mean (dot) and inter-

quartile range (line) for the E2F1 pathway activity of samples with prognostic signatures 

either below (left) or above (right) the mean. B) Single-gene prognosis predictors were 

also analyzed for the concordance of expression between each gene and E2F1 pathway 

signaling. 
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2.3.5 UBL3 is associated with IFNγ signaling, patient survival and 
response to therapeutic intervention. 

After adjusting for family-wise error, there were seven candidate regions 

associated with the pathways that stratified patient outcome. Of these regions, six were 

associated with E2F1 signaling, one with IFNγ signaling, while no alterations were 

significantly associated with Ras signaling. 

One locus of interest that was identified was chromosome 13q12.3, which is 18 

megabases upstream of the RB1 locus. This region was inversely associated with both 

IFNα (P = 2.96x10-7) and IFNγ (P = 2.64x10-6, Figure 15) pathways, but was not identified 

as a focal ROI by GISTIC (mean q = 0.023, Figure 16). 13q12.3 was altered in 29.8% 

(91/305) of patients, with most alterations being losses. Two of the genes within this 

region, UBL3 and HMGB1, were significantly associated with IFNα/γ signaling at the 

expression level across all three of the expression datasets we analyzed (Table 1). 

 HMGB1 is a well-characterized regulator of response to ischemic stroke and 

inflammation of in the brain and a regulator of glioma migration and survival (192-195), 

which makes it an attractive candidate for association with IFNγ and patient outcome. 

In contrast, UBL3 is a poorly characterized membrane anchored ubiquitin-like gene that 

has been implicated as a downstream member of MITF signaling in melanoma (196, 

197), though its function is not known.  
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Figure 15: Association between copy number alterations and IFNγ signaling. 

A) Association plot between copy number alteration and IFNγ pathway activity. 

Thresholds for statistical significance are shown at a family-wise error adjusted P-value 

of 0.5 (-log10(P) = 4.35) and 0.05 (-log10(P) = 5.35). Candidate loci are indicated with an 

arrow (adjusted P < 0.05, black; adjusted P < 0.5 and > 0.05, white). Both direct (red) and 

inverse (blue) associations are shown. B) Diagram depicting the protein-coding genes 

located within 13q12.3, which was identified as being significantly associated with IFNγ 

pathway activity at P < 0.05 after family-wise error adjustment. 
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Figure 16: Comparison of alterations identified on chromosome 13 by GISTIC or 

pathway association analysis 

Plot of chromosome 13 associations identified using either the pathway association 

analysis of inverse associations with IFNγ (blue, significance plotted on left axis), or 

using GISTIC 2.0 (black, significance plotted on the right axis). Thresholds for 

significance are indicated as solid lines showing either significance at a P < 0.05 after 

family-wise error adjustment for the pathway association analysis (blue), or q < 0.05 for 

the GISTIC analysis (black). Candidate genes within the loci identified by either 

pathway association or GISTIC focal ROI are displayed above the plot. 
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To better understand these genes, and identify which of these two might be 

important in GBM tumorigenesis and patient survival, we analyzed the expression of 

these genes across various tissues throughout the body. In this analysis, we 

demonstrated that HMGB1 is overexpressed in the hematopoietic lineage and UBL3 is 

overexpressed in the brain (Figure 17). This particular finding supports a specific role for 

UBL3 in the normal functioning of the brain, and a perhaps broader role for HMGB1 

throughout the body, and in immune signaling. 

Considering that alteration of this locus primarily occurs as a loss of one or more 

copies, this makes UBL3 an interesting candidate, as does the fact that MITF signaling 

modulates temozolomide response in melanoma (198). Therefore to better understand 

whether loss of this locus affected overall expression of these genes, we analyzed 

expression of UBL3 and HMGB1 in normal brain samples, GBM samples without loss at 

13q12.3 and GBM samples with 1 or more copy loss at 13q12.3 (Figure 18). Under this 

analysis, we found that expression of UBL3 was significantly lower in GBM samples 

with at least one copy loss of 13q12.3 relative to both normal brain samples and other 

GBM samples without loss at this locus. In contrast HMGB1 expression was not 

significantly different between normal brain samples and GBM tumors will loss of this 

locus. There was, however, a significant decrease observed in GBM tumors with loss of 

this locus compared to tumors that retained both copies of 13q12.3. Together, these 

findings suggest that UBL3 may indeed play a role in the tumorigenic process. 
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Figure 17: Expression of candidate genes in normal tissues 

Expression of UBL3 (left) or HMGB1 (right) mRNA measured across different normal 

tissue specimens color coded by gross site of collection. Samples from various regions 

within the brain are shown in green, while tissue consisting of the hematopeitic lineage 

is indicated in cyan. Median (black line) and 10X median (blue line) expression for either 

UBL3 or HMGB1 is indicated on the graph. 
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Figure 18: Effect of copy number alteration on mRNA expression of UBL3 and 

HMGB1 relative to normal brain 

Relative expression levels of UBL3 (left) or HMGB1 (right) mRNA in TCGA samples of 

either normal brain, GBM tumor samples without alteration at 13q12.3, or GBM samples 

with at least 1 copy loss of 13q12.3. P-values are shown for Wilcoxon Rank-Sum test 

when significant at P < 0.05. Mean expression level for each gene in normal brain 

samples is shown (dotted line). Plot shows the mean (center line), interquartile range 

(box), and 2x the interquartile range (extended bars), as well as outlier samples (blue 

points). 

  

As we noted previously, IFNγ pathway activity was associated with survival 

differences in aggressively treated patients. To determine whether either of these 

candidates associated with patient outcome, we examined the overall survival of glioma 

patients in the REMBRANT database using copy number status that was ascertained on 
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the Affymetrix SNP6 arrays, which provide better resolution than the aCGH data 

analyzed in the TCGA. In this dataset HMGB1 failed to associate with patient survival 

(P = 0.942, log-rank, Figure 20), but alteration of UBL3 significantly stratified patient 

survival (P = 0.002, log-rank; Figure 19). Furthermore, other genes both upstream and 

downstream of UBL3 failed to significantly stratify patient outcome (P > 0.05, log-rank, 

Figure 20).  

Because loss of UBL3, indicative of high IFNγ signaling, was associated with 

poor patient outcome these results lend further support for a role for UBL3 in patient 

outcome. Moreover, these results demonstrate that UBL3, rather than loss of 

Chromosome 13q12.3 in general acts as a prognostic marker in this setting. However, 

while UBL3 loss at the expression level also associated with patient outcome, it was also 

associated with tumor grade, showing a significant reduction in expression in GBM 

patients compared to normal brain (P < 0.001, Wilcoxon Rank-Sum Test). Reduced 

expression was not observed in lower grade astrocytomas or oligodendrogliomas (P > 

0.05), and suggests that UBL3 loss could represent a GBM specific marker that was 

associated with grade, rather than a prognostic marker for this setting. 
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Figure 19: UBL3 loss associates with poor patient survival 

Overall survival of REMBRANDT glioma patients (n = 351) stratified by loss (< 2 copies, 

green) or gain (≥ 2 copies, red) of UBL3 determined by the mean of all reporters for 

UBL3 per patient. The log-rank P-value is shown. 
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Figure 20: Analysis of overall survival of glioma patients based on alteration of genes 

flanking UBL3 in Chr13q12.3 

A) Schematic of chromosome 13q12.3 highlighting UBL3 (blue) and three genes 

upstream and downstream of UBL3 for which SNP6 data was available (black). B) 

Overall survival of REMBRANDT glioma patients (n = 351) stratified by loss (< 2 copies) 

or gain (≥ 2 copies) of the genes indicated in A. Alteration status of the genes was 

determined by the mean of all reporters per patient for either gene. The log-rank P-value 

is shown. 

 

To validate these findings and to clarify the role of UBL3 in patient outcome, we 

examined response of GBM xenograft lines treated with standard of care agents. 

Xenografts were treated with either Temozolomide (n = 16 lines, 10 replicates per line), 

or Avastin (n = 17 lines, 10 replicates per line) and analyzed for the extent to which 
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either treatment prolonged median survival relative to saline-treated control mice (Table 

3 & 4). First, we ensured that these models reflected known modifiers of treatment 

response by confirming that high expression of MGMT in untreated xenografts 

corresponded to poor response to temozolomide (P = 0.031, ρ = -0.539, Spearman 

correlation; Table 3), consistent with the role of MGMT promoter methylation in GBM 

treatment response (140). 

We then compared expression of UBL3 and HMGB1 to xenograft response to 

either intervention. While we found that HMGB1 was not significantly associated with 

response to treatment (P > 0.05, Table 3), expression of UBL3 was significantly associated 

with xenograft response to treatment for both Temozolomide (P = 0.015, ρ = 0.593; Figure 

21) and Avastin (P = 0.034, ρ = 0.515; Figure 21). We also note that low expression of 

UBL3 was associated with a poor outcome in the treated mice, consistent with our 

findings in both the TCGA and REMBRANDT databases. Taken together, these results 

strongly suggest that loss of UBL3 is a GBM specific event that affects expression of this 

gene in a way that impacts patient response to therapeutic intervention. 

Table 3: Association between candidate expression and xenograft treatment response 

  MGMT HMGB1 UBL3 NOTCH1 

Temozolomide 
P (Spearman): 0.031 0.692 0.015 0.520 

ρ (Spearman): -0.539 0.107 0.593 0.174 

Avastin 
P (Spearman): 0.070 0.450 0.034 0.037 

ρ (Spearman): -0.450 -0.196 0.515 0.509 
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Table 4: Survival and expression characteristics of GBM xenograft models 

 Increase in Median Survival 

(%, Treatment - Control)** 

    

 Log2 Expression Level (RMA) 

Line ID Avastin Temozolomide MGMT HMGB1 UBL3 NOTCH1 

08-695 55 76 4.2775 12.227 8.9177 9.0475 

08-499 129 449 4.3956 12.634 9.6571 9.3911 

245-PR 45 -4 4.3872 12.564 8.2558 8.828 

x43 11 4 6.3031 12.495 6.7941 5.0077 

x693 42 91 4.138 12.662 7.9509 9.534 

x54 7 136 4.3983 12.308 8.3526 7.3732 

X2224 46 39 6.1343 12.244 8.372 8.8135 

08-537 35 13 4.5725 12.409 7.7926 9.0183 

x263 200 75 4.6609 12.19 9.131 8.5764 

x245 73 118 4.2256 12.316 8.5229 8.6276 

08-308 60 N/A 4.6714 12.123 8.121 7.3268 

x317 36 N/A 4.3453 12.577 7.3831 7.1631 

x456 31 39 4.714 12.531 7.7619 8.4086 

X2339 N/A 97 5.2129 12.414 7.8637 6.4878 

x717 21 74 5.2583 12.512 9.268 7.8928 

X2159 39 129 4.2793 12.806 8.9718 8.1172 

x475 21 53 5.8262 12.228 8.2605 8.6872 

x320 145 145 4.2381 12.549 9.0161 10.345 

** Increase in median survival is calculated as the percentage increase in median survival 

of xenograft mice receiving treatment (Avastin or Temozolomide, n = 10) 

compared to vehicle control treated mice (n = 10)  
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Figure 21: Xenograft response to standard of care intervention 

Response of GBM xenograft lines treated with either Temozolomide (n = 16 xenograft 

lines, left) or Avastin (n = 17 xenograft lines, right) compared to control treatment. 

Response is measured as the percentage increase in median survival for a xenograft line 

between treatment (n = 10) and control (n = 10) settings. Correlation coefficients and P-

values are shown for the Spearman correlation between response and UBL3 RNA 

expression level as measured by RMA normalized Affymetrix U133A arrays. 

 

Finally, we note that another candidate gene associated with a survival-related 

pathway, NOTCH1, was also correlated with xenograft Avastin response (P = 0.037, ρ = 

0.508; Table 3). Notably, low expression of NOTCH1 was associated with poor response 

to Avastin, which was consistent with the role NOTCH1 signaling plays during CD133+ 

cell differentiation into CD133+/CD144+ cells that subsequently give rise to VEGFR2 

producing tumor endothelial cells in GBM (199).  
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2.4 Discussion 

Perhaps the greatest challenge in oncology is facing the reality of the extreme 

complexity and heterogeneity of the disease process. With few exceptions, most cancers 

represent a myriad of diseases resulting from a very large array of genome alterations 

including mutations, copy number alterations, aberrant epigenetic markers or 

chromosome rearrangements. Although there are instances of genes that are frequently 

altered in particular cancers, such as EGFR or CDKN2A in GBM, it is becoming 

increasingly clear that events that occur in a fraction of tumors represent a challenge to 

understanding underlying mechanisms of tumorigenesis and ultimately limit the 

effective treatment of individual patients (140, 158, 191, 200). Paramount in this 

challenge is the ability to identify which of these events are functionally important and 

how they alter tumor signaling and response to intervention. 

Others have argued that an analysis of pathways that are deregulated as a result 

of the alterations represents a logical approach to addressing the challenge of identifying 

the significant events (54, 173). In essence, this approach aims to focus on the functional 

consequence of pathway activity regardless of the nature of the initiating event. The 

analysis of pathways in the context of complex genomic datasets has generally taken 

two approaches. First, pathway activity can be inferred by the alteration of a candidate 

driver, such as a truncating mutation in an upstream repressor or amplification of a 

growth factor receptor (e.g. EGFR and Her2). Second, various gene annotation tools, 
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such as GSEA (37), have been applied to identify the enrichment of genes that cluster 

within a known pathway. Both approaches have strengths and have extended our 

understanding of many types of tumors, but they also have significant limitations, 

especially when the function of an alteration is not known or appreciated a priori. 

In contrast, our approach relied on the quantitative analysis of pathway activity 

defined by in vitro experimentation to form the basis for the identification of functionally 

significant genome alterations. While there could be some concern that these signatures, 

which were developed in a heterologous cellular background, might not be appropriate 

to use in the context of GBM, we have presented several pieces of compelling evidence 

that these pathway signatures do indeed perform well in this setting. Many of the 

pathway signatures were clearly enriched within distinct subtypes of GBM, and these 

results were consistent with previous ontological analysis of these subtypes. However, 

beyond this analysis, when we limited the gene expression data to only GBM-related 

genes as defined by another research group analyzing this dataset, we found that most 

of the signatures were able to produce relatively concordant results. This directly 

implies that the signatures that we have developed, while meant for one cellular context, 

can extend well beyond that initial target. 

These results are consistent with previous findings from our lab that described 

during the initial development of these signatures, and demonstrated a broad utility 

across multiple cancer types (45). The identification of pathway signatures that 
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associated with patient outcome is also encouraging. While the E2F1 signature appeared 

to have a duel role in GBM, the predictions of this signature were concordant with 

previously developed glioma survival signatures. Finally, the numerous alterations that 

we identified that are known to regulate pathway activity directly confirm that these 

signatures are performing as expected in this setting.  

We believe this framework provides an approach to identifying alterations that 

are low frequency, and thus difficult to distinguish from bystander events, but 

nevertheless represent functionally significant regulators of pathway activity. The 

identification of many well-established regulators of the E2F pathway, including several 

not previously appreciated to be altered in GBM, provides support for the logic and 

power of this approach. For instance, a role for alterations in CKS1B, KDM5B and RFC4, 

has been described to various degrees in other cancers but not previously been observed 

for GBM (180, 181, 188, 189). Likewise, the numerous other pathway regulators 

identified by this approach reflect the power of linking multiple measures of genomic 

alterations with their functional outcome, in this case measured by activity of a given 

pathway. It is likely that some of these signatures could be improved, to have better 

specificity and sensitivity, in this setting. There are a number of key signatures, such as 

the Ras pathway, which did not identify any significant copy number alterations. While 

NF1 loss was located in a peak region, it was well under even the less stringent 

threshold we placed, suggesting that either the Ras signature could be more accurate or 
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that incorporation of mutation data along with copy number alterations is necessary to 

fully model this signaling deregulation. 

The identification of UBL3 highlights many of the strengths of this analytical 

approach. Not only is UBL3 a poorly understood gene that would generally be 

considered a poor target for further study using candidate gene approaches, it is also 

part of a locus that frequency-based analyses treated as insignificant. It was only when 

analyzing the association between copy number alterations and activation of signaling 

pathways that this locus was indentified as a significant candidate. Given that the 

association between both HMGB1 and UBL3 expression and IFNγ signaling was 

validated across three independent expression datasets of GBM tumors or GBM models 

demonstrates the robustness of the locus identified using the pathway association 

framework. 

However, association analysis alone would still have failed to differentiate 

between HMGB1 and UBL3 had we not further explored the biological context of UBL3 

and HMGB1 expression as well as the clinical significance of this region. Moreover, 

HMGB1 has been better characterized in glioma tumorigenesis, and thus was initially 

considered a much more promising candidate gene. However the weight of evidence 

supporting the role of UBL3 in glioma tumorigenisis comes from examining the 

expression of these genes in normal tissue, as well as the role of loss of either gene in an 

additional clinical database and across a diverse set of xenograft models. We were able 
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to demonstrate that UBL3 is specifically overexpressed in normal brain tissue and is 

selectively downregulated in GBM tumors that harbor a loss at this locus, consistent 

with loss of 13q12.3 being a GBM-related lesion. Moreover, UBL3 loss was associated 

both with patient outcome and response to therapeutic intervention with standard of 

care agents. These results, given the multiple datasets analyzed and the panel of in vivo 

models used, should accurately reflect the genomic and clinical diversity that is 

observed across patients, and lead to more robust results than any single xenograft 

model alone would have generated. 

With further analysis and validation, UBL3 loss could become an additional 

biomarker of patient response to intervention. Targeting UBL3 is not likely to of 

particular use given that loss of the gene is associated with poor response in the settings 

that we analyzed. Moreover, there is very little currently known about the functional 

role that UBL3 plays during development and in the adult brain, though it is clearly 

overexpressed there. Until we known more about the specific biological impact of this 

alteration, it remains unclear how UBL3 directly impacts patient outcome when treated 

with aggressive therapeutic intervention. 

The role that UBL3 plays is also an area of particular interest that further studies 

need to address. To date, there have been very few studies that have implied or directly 

tested the function of this gene, and none have been conducted in the setting of gliomas. 

Some studies have suggested that the role could be tied to NF1, and have found that 
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UBL3 expression was decreased significantly in hyperpigmented melanocytes of NF1+/- 

mice (201), which represent a pre-neoplastic model of melanoma. This is particularly 

compelling given that UBL3 loss was identified as being linked to expression of the 

IFNγ pathway, which we demonstrated to be indicative of the mesenchymal phenotype. 

If there is indeed a cooperative role between NF1 loss and UBL3 then in vivo analysis of 

human GBM tumors or genetically engineered mouse models of GBM bearing NF1 loss 

could provide further insight into the interplay between these two genes. Moreover, the 

relationship between UBL3 and MITF also speaks to a potential link that underlies both 

gliomas and melanomas, and is particularly striking considering these are the only two 

cancers for which Temozolomide is a common therapeutic agent (197, 198). 

While we focus on copy number alterations and UBL3, the analytical association 

framework presented here can be extended to a various genomic datasets and sources. 

Modification of this approach could be used to identify additional types of drivers from 

distinct genomic sources such as epigenetic or microRNA regulators of pathway activity, 

or could integrate other network analysis approaches. There is no reason to presume 

that copy number aberrations are the only mechanistic means by which a signaling 

pathway is deregulated in GBM, as this would be inconsistent with many of the 

foundational studies that form the basis for our understanding of oncogenes and tumor 

suppressors. By integrating further genomic data sources, we will gain a more complete 

picture of the means by which a particular signaling pathway is repressed or activated 
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across these tumors. Moreover, understanding how the alterations linked to a given 

pathway co-occur, may provide further insight into the progressive steps involved with 

leveraging that particular pathway. These findings highlight the utility of applying a 

genetic association framework to identify novel drivers of tumor signaling, and 

demonstrate that these methods represent a complementary approach to frequency- and 

amplitude-based analyses of genomic alterations in cancer, though they are only one 

step to a fully integrated genomic understanding of this disease. 

 

2.5 Materials and methods 

Gene Expression Analysis and Genomic Signatures. 

Affymetrix U133A or U133+2 .CEL files were downloaded for the TCGA (n = 386) 

and from 8 other datasets from previous publications (n = 482) (19, 112, 114, 139, 177, 

178). TCGA and validation samples were normalized using both MAS5 and RMA in R 

using Bioconducter and MAS5 data was log2 transformed. Bayesian Factor Regression 

Modeling was used to remove batch discrepancies in MAS5 and RMA normalized 

datasets as previously described (16, 68, 69). Principal component analysis was used to 

confirm reduction in batch-effects prior to further analysis (Appendix A). Genomic 

signatures consisted of 16 previously described signatures (16, 45), along with a PTEN 

signature developed using data from Vivanco et al., 2007 (GSE7562). A Bayesian Binary 
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Regression algorithm (BinReg 2.0) was used to generate signatures and score samples 

for each genomic signature as previously described (16). 

Previously developed prognostic signatures were applied to batch-normalized 

RMA data by determining the centroid of all probesets representing genes included in a 

particular signature (19, 112, 121, 122, 139). These centroids were then directly compared 

against the probability of E2F1 pathway signaling, calculating the linear correlation (R, 

Pearson) between the two scores. Tissue-specific expression data was obtained through 

bioGSP1 

 

Xenograft Chemotherapy Treatment. 

Male and female athymic mice (nu/nu genotype, Balb/c background, 6 to 8 weeks 

old) were used for all studies. Animals were maintained in filter top cages in Thoren 

units (Thoren Caging Systems, Inc., Hazelton, PA). All animal procedures conformed to 

Institutional Animal Care and Use Committee and National Institute of Health 

guidelines. 

Patient-derived human tumor xenografts were passaged in athymic mice and 

were excised from host mice under sterile conditions in a laminar flow containment 

hood. In preparation for transplantation, tumors were placed into a modified tissue 

press and homogenized. The resulting homogenate was then loaded into a repeating 

                                                      

1 http://biogps.org/ 
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Hamilton syringe dispenser. Tumor homogenate was injected sc into the right flank of 

the athymic mouse at an inoculation volume of 50 µl with a 19 gauge needle (202). 

Subcutaneous tumors were measured twice weekly with hand-held vernier calipers 

(Scientific Products, McGraw, IL). Tumor volumes, V, were calculated with the 

following formula: [(width)2 × (length)]/2 = V (mm3) (203). 

Groups of mice were stratified by tumor volumes and were treated when the 

median tumor volumes were on average 250 mm3 and were compared with control 

animals receiving vehicle control. Bevacizumab was administered at a dose of 5mg/kg IP 

twice weekly for 5 consecutive weeks and temozolomide was administered at a dose of 

75mg/kg IP for 5 consecutive days. Mice were maintained until they reached five times 

greater than the measured volume at the start of treatment, or 120 days after start of 

treatment. The response of sc xenografts to treatment was assessed by delay in tumor 

growth defined as the percentage increase in median survival time for tumors in treated 

animals compared to control animals. 

 

Xenograft and Cell Line Arrays. 

Xenograft lines were grown to approximately 500 mm3 in balb/c athymic mice, 

excised, and snap frozen as whole tumor samples. At least two replicates of each 

xenograft line were harvested. Tissue samples were homogenized in RLT buffer with 1% 

-mercaptoethanol using a rotor-stator. Cell lines were previously established in either 

serum media or in stem-cell media. For each cell line, 1-2x106 cells were harvested and 
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homogenized in RLT buffer with 1% -mercaptoethanol using QiaShredder spin 

columns. RNA was extracted using the Qiagen RNeasy kit, using an additional on 

column DNA digestion step according to the manufacturer’s instructions. Samples were 

arrayed on Affymetrix U133A 2.0 chips. A total of 117 samples were generated, and 

were batch corrected as described above and mean centered across replicates before 

being analyzed. Expression data for xenograft and cell lines is available on GEO 

(GSE26344). 

 

Clinical Analysis. 

Analysis was performed on TCGA samples for which clinical data was available. 

Patient treatment status was classified as aggressive (n = 164) or nonaggressive (n = 112) 

intervention based on whether patients received either concurrent chemotherapy and 

radiation or more than 3 cycles of chemotherapy or targeted therapeutic intervention. 

Patients for which clinical, treatment or expression data was not available were excluded 

from analysis. Survival analysis was calculated using the log-rank test. Analysis of 

REMBRANDT samples was conducted using the REMBRANDT data portal, stratifying 

patients (n = 351) using the mean of all reporters for each candidate gene. Multivariate 

Cox proportional hazards calculations were run for all patients with available MGMT 

methylation, pathway prediction, KPS, Age at Diagnosis and treatment data (n = 157). 

Pathway scores were logit transformed prior to analysis in the Cox model. 
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Copy Number Analysis. 

Segmented aCGH data was downloaded directly from the TCGA, samples 

without paired expression data were removed, and log2 ratio values were mean 

centered in 0.5 Mbp windows starting at the first unique segment available on each 

chromosome as was described previously by Bredel et al. (169). Data from the X and Y-

chromosomes were excluded from analysis. Thresholds for gain and loss were set at a 

log2 ratio value of >0.2 and <-0.2 for ±1 copy and >0.8 and <-0.8 ±2+ copies, respectively. 

Copy number or gene expression associations with pathway status were calculated 

using the Spearman correlation between the probability of pathway activity and either 

the log2 ratio value for a given locus or the relative expression of a gene. Local minima 

of significance were calculated for each pathway, requiring an increase in significance of 

at least two orders of magnitude spanning at least three loci between each minimum. 

GISTIC (version 2.0) was run using the same thresholds for gain and loss using the gene 

pattern module (175, 176), identifying wide and focal alterations significant at q < 0.05. 

 

Statistical Analysis. 

Enrichment of pathway activity within core GBM tumor subtypes was calculated 

using the Kruskal-Wallis test, based on previously published subtype classifications 

(119). Differential pathway activity was tested in sequenced GBMs (n = 140) comparing 

tumors with validated non-synonymous mutations to non-mutated samples using the 

Wilcoxon Rank-Sum test. The spearman correlation was calculated between expression 
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of candidate genes and xenograft response to intervention using the Affymetrix probeset 

for each candidate with the highest mean expression across the xenograft models. 

Thresholds for significance were determined using a Bonferroni-adjustment for family-

wise error, although P-values reported are nominal values.
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3. Utilization of Cell Line Derived Genomic Signatures to 
Predict Oncogenic Pathway Activity in Human Tumors 
and Prospective Clinical Studies 

3.1 Summary 

In vitro experiments provide an opportunity to derive genomic expression 

signatures of key biological processes, including oncogenic pathway activation, that also 

have the potential to direct the use of investigational drugs that target such processes. 

However, the distinctions in the general characteristics of gene expression between in 

vitro and in vivo samples presents a substantial challenge in the utilization of these 

signatures in clinical studies.  Here we describe methods for the effective utilization of a 

pathway signature, standardizing between the in vitro and in vivo samples, and using 

as an example an E2F1 pathway signature to predict the status of RB, a key regulator of 

E2F1. Further, anticipating the use of these methods in prospective clinical studies 

where one sample at a time must be analyzed, methods were tested to identify reference 

datasets for the purpose of standardizing the distinctions between in vitro and in vivo 

samples. We suggest that these methods provide a framework for the effective 

utilization of well-defined in vitro derived signatures in the context of prospective 

clinical studies where a goal would be to achieve an enrichment of those patients likely 

to respond to pathway-specific therapeutics.  
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3.2 Background 

A major challenge in oncology is the ability to match the best therapy with the 

individual cancer patient, balancing relative benefit with risk, to achieve the most 

favorable outcome (204-206).  The importance of selecting patients who will respond to a 

given therapeutic agent is perhaps best illustrated by the example of trastuzumab. In the 

absence of any selection, the overall response rate in breast cancer patients would be less 

than 10%. In contrast, for those patients selected on the basis of Her2 amplification, the 

overall response rate rises to 35-50% (207). Clearly, an assay for Her2 amplification is 

now viewed as a critical measure in the decision to use trastuzumab for the treatment of 

breast cancer. Likewise, other work has linked the efficacy of EGFR inhibitors such as 

erlotinib or gefitinib with the presence of activating mutations in the receptor (208-211). 

Conversely, the presence of K-Ras mutations signals resistance to EGFR monoclonal 

antibody therapy such as cetuximab (212). 

While the use of gene mutation or gene amplification provides a powerful means 

to direct the use of targeted therapies such as trastuzumab, erlotinib, and cetuximab, 

these examples are limited and likely provide only one avenue to the goal of systematic 

strategies for directing therapy. Based in part on the observations from the recent cancer 

genome sequencing efforts, many have argued that a focus on pathways rather than 

single genes represents a better view of the consequence of these genome alterations 
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(173). In part, this derives from the realization that the consequence of these mutations is 

deregulation of signaling pathways that drive the cancer phenotype.  

Although the use of various biochemical assays that measure the activation of a 

specific pathway, such as immunohistochemistry, fluorescent in situ hybridization 

(FISH) and sequence analyses, have made important contributions, these assays are 

often inadequate for many of the signaling pathways and are limited in the extent to 

which they can provide a global view of the contributions of pathways to cancer 

phenotypes. As an alternate approach, we have previously described the development 

of methodologies to develop ‘signatures’ of pathway activation (16, 45, 213). These are 

based on well-controlled experimental perturbation of a pathway regulatory activity 

coupled with the generation of genome-scale gene expression data that can then be used 

for the development of predictive statistical models. Because these signatures reflect not 

just the known role of specific genes but rather measure the consequence of perturbation 

of key regulatory activities, they have the potential to more broadly measure the events 

associated with a given pathway.  

Importantly, because the signatures are based on a measure of gene expression 

that is common to any biological sample, the signatures have the potential to bridge 

various biological contexts. For instance, cell line based signatures have been shown to 

accurately predict the activity of cell signaling pathways often deregulated in human 

cancers and mouse models of cancer (45, 213, 214). Further work has shown that the 
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prediction of pathway activation using these signatures can serve to dissect the 

heterogeneity of cancer and at the same time to also predict sensitivity to therapeutic 

agents that target components of the pathway (16, 45, 215, 216). As such, the patterns of 

pathway activity that can be measured across populations of patient tumor samples then 

has the potential for predicting response to a given agent and thus serve as a mechanism 

to match those individual patients with the drug most likely to be of benefit. An 

example of such a strategy can be seen in an ongoing breast cancer trial of the Src 

inhibitor dasatinib (NCT00780676) in which patients are selected for inclusion in the 

study based on one of three genomic signatures (217). 

In considering the next steps in the development and use of these signatures as 

predictive biomarkers that might eventually be applied in the context of prospective 

clinical trials, we recognize that there are several significant challenges that must be 

overcome. Foremost is the challenge of using expression signatures derived from in vitro 

sources to apply to in vivo tumor samples where global distinctions in expression 

characteristics can nullify the predictive capacity of the signature. Beyond this is the 

challenge posed by sample collection in the clinical setting, where patient samples are 

received at different time points, usually are obtained individually, and must be 

analyzed in a time dependent manner. We have addressed each of these issues with 

methods that we believe can lead to effective application of these signatures in 

retrospective and prospective clinical studies.   
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3.3 Results 

3.3.1 Development of genomic signatures derived from experimental 
perturbation of pathway activity 

We have previously described the development of genomic signatures reflecting 

oncogenic pathway activity based on the perturbation of activating components of these 

pathways (45, 218). A schematic representation of the methodology was depicted in 

Figure 1, where the training set used to derive the signature is a series of cell cultures 

that have been brought to quiescence to silence the pathway and were subsequently 

infected with an adenovirus expressing a gene of interest that leads to pathway 

activation or a control adenovirus containing only a GFP gene. These two sets of 

samples, representing pathway off and on states, is used to train and develop a 

predictive model. This model is projected into a test dataset derived from a series of 

tumor samples yielding probability scores that range between the two extremes defined 

by the model. 

A critical aspect of the methodology used to apply the in vitro derived signatures 

to in vivo tumor samples is the recognition that the global gene expression profiles from 

these two contexts can differ substantially and compromise the utility of the signatures. 

An example illustrating the challenge is shown in Figure 22 in which principal 

component analysis is used to examine the global distinctions in expression data. In this 

example, gene expression data derived from a training set for an E2F1 pathway 

signature is displayed together with glioblastoma tumor data to be used for assessment 
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of the signature. It is evident from this analysis that the training data exhibits very 

distinct characteristics from the glioblastoma data (Figure 22).  This broad distinction 

would make analysis of the two populations difficult and ultimately drive the results 

towards the global distinctions rather than the more subtle differences reflective of 

pathway activity.  To adjust for these global differences, we have made use of several 

methods, one of which is shown in Figure 22, that involves a simple adjustment of the 

tumor data at the gene level to match the mean and variance of the training data – a 

process termed shift-scale normalization.  Other methods have been described to 

achieve a similar goal including DWD and Combat (67, 70).   We have also used 

methods in previous work in which a singular value decomposition and principal 

component development makes use of the combined data from cell culture samples and 

the target samples such as the tumor samples (45). 
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Figure 22: Principal component analysis of training and test data before and after 

normalization using shift-scale.  

Principal component analysis of datasets from either test or training data before (left) or 

after (right) shift-scale normalization. Training samples are shown in red (E2F1 

overexpression) and blue (GFP infected controls). Test cases from the TCGA GBM 

dataset are gray. 

 

The impact of adjusting global expression differences is shown in Figure 23. For 

this analysis, we have made use of a recently developed implementation of the BinReg 

methodology within the GenePattern framework (219).  This provides a platform that is 

user-friendly and still robust for customizing parameters. In this example, the training 

data is derived from activation of the E2F1 pathway in human mammary epithelial cell 

cultures.  The test dataset derives from a collection of glioblastoma tumor samples 
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obtained from the Cancer Genome Atlas (TCGA) database1 (220). The schematic on the 

left illustrates the basic framework employed when using what we refer to as the 

BinReg2 method.  The global measure of gene expression in the tumor samples can be 

adjusted to match that of the cell line training data prior to decomposing the data by 

SVD. This adjustment, shift-scale normalization, uses a simple linear discriminate 

analysis to standardize the mean and variance of expression data at the feature level but 

various other methods could be employed as well. The training data is unaltered; it is 

the test data that is adjusted to correspond to the same general characteristics of the 

training data. The software then builds principal components from a SVD of cell line 

data alone, and predicts the probability of pathway activity in the tumor samples. The 

genes included in the model are illustrated in the heatmap shown in Figure 23B and the 

resulting predictions in the ovarian tumor dataset are shown in Figure 23C. The plot 

shown in Figure 23C depicts predicted probabilities for both the training data (blue and 

red symbols) as well as the test data (black symbols).  When applied in this manner, the 

training samples define the extremes of pathway activation probabilities and the tumor 

samples then exhibit probabilities lying between these two extremes. 

                                                      

1 http://www.tcga-data.nci.nih.gov/tcga/ 
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Figure 23: Strategies for applying BinReg methodology to predict E2F1 pathway status 

in ovarian cancer samples. 

A) The schematic depicts the use of the BinReg2 methodology with (top) or without 

(bottom) use of the shift-scale methodology to adjust the mean and variance of the test 

data to match the training data. The training data alone is used for singular value 

decomposition (SVD) and principal component development and trained using only the 

information from the training dataset (pathway off and pathway on) to identify the 

genes constituting the model (panel B). C) The model is then used to predict the 

pathway status in the collection of ovarian tumor samples and the resulting probabilities 

of the tumor sample predictions (black symbols) are displayed along with the 

probabilities of the training data (blue and red symbols). 
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In sharp contrast to these results, an analysis in which the model is developed 

from only the cell line training data and without adjustment for the global gene 

expression differences yields a very different result.  The genes in the model are the 

same but the predicted probabilities of the tumor samples are now compressed, not 

exhibiting the spread between the two sets of training samples as seen in the other 

examples and thus severely compromising the ability to discern differences in pathway 

activation across the test dataset.  

Of course, an important question is the extent to which this analysis yields 

accurate predictions of pathway activation, reflecting the state of the in vitro activation 

achieved in cell cultures. We have assessed this in GBM and ovarian tumor samples 

based on an analysis of status of the RB1 tumor suppressor, an inhibitor of E2F1 activity.  

Given the clearly established role of RB1 in regulating E2F, one would anticipate that 

samples exhibiting loss of RB1 function would also exhibit elevated E2F1 pathway 

activity.  As depicted in Figure 24, this is indeed the case with a significant distinction 

evident based on the prediction of E2F1 pathway activity in GBM (P = 0.018, Wilcoxon 

rank-sum; AUC = 0.634, ROC analysis) or ovarian tumors (P < 0.0001, Wilcoxon rank-

sum; AUC = 0.782, ROC analysis). 



 

95 

 

 

 

Figure 24: Prediction of RB1 status with an E2F1 and a Src signature. 

A) The schematic depicts the organization of the RB1 pathway and the role of RB1 in 

controlling E2F transcription factor activity. B-C) Predictions of E2F1 and Src pathway 

activity in either GBM (B) or ovarian (C) TCGA datasets. Probabilities of E2F1 (left) or 

Src (middle) pathway activity are plotted as a function of RB1 gene status, along with 

and ROC curve (right) for both E2F1 (blue) and Src (red). P-values shown are for a 

Wilcoxon rank-sum Test. 
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Taken together, these analyses illustrate that in order for in vitro derived 

signatures to be applicable to human tumor samples, the process must properly adjust 

or account for variation in the gene expression characteristics from the two biologically 

distinct settings (cell lines vs. patient tumor samples). 

We have also assessed the extent to which the predictions are specific by using a 

second pathway signature, one developed to measure activation of the Src pathway.  As 

shown in Figure 24, applying this signature to the same datasets fails to discriminate 

between samples that were either wild type or RB1 null in GBM tumors (P  = 0.998, 

Wilcoxon rank-sum; AUC = 0.608, ROC analysis) as well as in ovarian tumors (P  = 0.099, 

Wilcoxon rank-sum; AUC = 0.574, ROC analysis), where the association with E2F1 

predictions is more dramatic.  

 

3.3.2 A general strategy to evaluate expression signatures in 
prospective clinical studies 

The ability of expression signatures to predict pathway activity in tumor 

samples, together with past work that has demonstrated a link between prediction of 

pathway activation and sensitivity to pathway-specific therapeutics (45, 216), creates a 

potential opportunity to use these tools to guide the use of new investigational drugs. 

For instance, a pathway signature might be employed as an inclusion criterion to enrich 

for patients likely to respond to a pathway-specific drug. However, the requirement for 

data normalization as we have highlighted here, to accommodate the distinctions of the 
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expression data from in vitro training datasets and in vivo test datasets, presents a 

significant challenge for application of a signature in a prospective clinical study 

considering the fact that in a prospective study, one patient sample must be analyzed at 

a time.  As such, this presents a unique context for carrying out the predictions, since the 

full data set will not be available for normalization.    

To address this challenge, we have developed a strategy, as outlined in Figure 25, 

which makes use of three sources of information: the training dataset that derives from 

the cell lines identified as pathway off and pathway on, a reference dataset that provides 

the tumor- and analysis center-specific gene expression context, and the one test sample. 

 

 

 

 

Figure 25: Framework for prospective analysis of genomic signatures 

Schematic depiction of the framework for implementing genomic signatures in a 

prospective framework. A static reference dataset is included in the model to allow 

standardization of test samples that are independently preprocessed. The test sample is 

normalized using shift+scale standardization, and then the model is build on training 

samples and project back to the test sample. 
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To derive the reference data and test data, we used the TCGA glioblastoma 

dataset. An initial analysis used nested subsets of 10, 30 or 100 samples selected at 

random to serve as the reference dataset and another 50 randomly selected samples 

were used as the test data. Each of the 50 test samples was normalized independently, as 

would likely be the case in a clinical setting. We then ran 50 permutations of this 

analysis, randomly selecting nested reference sets and non-overlapping test samples. 

Using the BinReg2 methodology and adjusting the mean and variance within the 

reference set and the one test sample to match that of the training data, we evaluated the 

extent to which the size of the reference dataset affected the predictions when 

comparing results performed one sample at a time versus as a batch retrospective 

analysis. While larger reference datasets did improve the concordance of the simulated 

prospective predictions with the retrospective predictions (P < 0.01, Repeated measures 

ANOVA), the prospective analysis using a 10-sample reference sets still showed strong 

concordance with the retrospective analysis (R2 > 0.75; R2 = 0.901 ± 0.00615, mean ± SEM) 

(Figure 26). 
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Figure 26: Effect of size of reference dataset on accuracy of predictions. 

Concordance of pathway predictions for each of the samples in the test dataset plotted 

as a function of predictions carried out as a batch or in prospective simulation using a 

nested reference set of 10, 30 or 100 additional samples. R-squared values are shown for 

the Pearson correlation between the prospective simulations and batch predictions for 50 

permutations of randomly sampled nested reference and non-overlapping test samples. 

Significant increases in R-squared values were determined using the repeated measures 

ANOVA.  
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To evaluate the ability of the prospective analysis framework to predict RB1 

status, we used both the ovarian and GBM datasets.  The reference dataset was again 

comprised of 10 randomly selected samples and the remaining samples were used as the 

test set for a prospective simulation using the E2F1 pathway signature. This analysis was 

also repeated 50 times, and assessing both the concordance of E2F1 pathway signature 

predictions and the significance of differences between the RB1 altered or wild type 

samples for both GBM and Ovarian samples. As was observed with the full batch 

analysis, we again observe a significant discrimination between those tumors that are 

wild type for RB1 versus those with an RB1 mutation or deletion in GBM (P = 0.0159 ± 

0.00177, Wilcoxon rank-sum, mean ± SEM) and ovarian datasets (P = 6.62x10-8 ± 1.86x10-8, 

Wilcoxon rank-sum, mean ± SEM) (Figure 27, Figure 28). We note that during this 

analysis RB1 altered samples had significantly higher E2F1 signaling in all of the 

permutations run on the ovarian samples and all but 2 of the permutations of the GBM 

data (P > 0.05), however in both of these cases the P-value approached significant at P < 

0.06. A comparison of the consistency of the predictions of pathway activity for the 

samples, assessed either by batch or in the simulated prospective analysis, indicates a 

very close concordance for GBM and ovarian tumors with mean R2 values of 0.8995 ± 

0.00556 and  0.9194 ± 0.00316, respectively.  
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Figure 27: Prospective analysis of GBM and Ovarian E2F1 pathway activity  

The predictions of GBM (top) or ovarian (bottom) TCGA samples, carried out one at a 

time, are plotted as a function of RB1 mutation status (left panel).  An ROC analysis for 

the predictions is shown in the middle panel.  The right panel depicts the concordance in 

predictions of E2F1 pathway activity in the batch set of samples or samples predicted 

one at a time. P-values shown are for a Wilcoxon rank-sum test, and R2 Pearson 

correlation coefficients are shown. 
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Figure 28: Permutation testing of prospective analysis 

Permutation testing of the A) the concordance between retrospective analysis and 

prospective simulation and B) the significance of the difference in E2F1 pathway activity 

between RB1 altered and wildtype samples during prospective simulations. 50 

permutations selecting a random 10-sample reference set for the remaining samples of 

GBM (top) or ovarian (bottom) tumors. Concordance is measured as the Pearson’s 

correlation coefficient (R2), and significance between RB1 altered and wildtype samples 

was determined using the Wilcoxon Rank-Sum test. The blue line indicates a P-value of 

0.05. 
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Beyond the impact of sample size of the reference set, we also investigated 

whether the batch source of samples used in a reference dataset would affect the 

concordance of these results.  We found that when using 10 reference samples from the 

one single batch in the TCGA set of samples, there was a noticeable shift away from 

concordance in the GBM predictions when compared to a reference that was a mix of the 

batches (R2 = 0.6704, Figure 29).  

 

Figure 29: Batch effects on prospective simulation of pathway predictions. 

Concordance of pathway predictions for each of the samples in the GBM test dataset 

plotted as a function of predictions carried out as a batch or one at a time using a 

reference set of 10 additional mixed-batch (gray circles) or single-batch (red triangles) 

samples. R-squared values are shown for the Pearson correlation between the 

prospective simulations and batch predictions. 
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This challenge, along with the fact that few clinical trials will be able to collect 30-

100 samples for a reference dataset provides a significant hurdle to implementing these 

methods in a prospective setting. However, previous research has demonstrated that 

reference datasets do not necessarily need to be overlapping to produce concordance 

RMA values, and as such a distinct unrelated dataset could theoretically be used to 

address these concerns (62, 63). To overcome the concern about a batch-biased reference 

dataset and the challenge posed by needing to collect a large number samples, we 

investigated whether it was possibly to employ publicly available samples to serve as an 

appropriate reference dataset during prospective analysis. To accomplish this, we 

compared samples from 5 different GBM datasets arrayed on U133A standard arrays, 

independently preprocessing the samples in one of the datasets while using all four of 

the remaining datasets as a reference. This allowed us to determine whether a non-

overlapping, but batch-mixed dataset could overcome the skewing induced by using a 

single batch as the reference (Figure 30). We also investigated whether a single non-

overlapping dataset could serve as an appropriate reference. This analysis demonstrated 

that a single dataset with sufficient variation and a large enough number of samples 

could serve as an appropriate reference dataset, although a mixture of these datasets 

generally performed best (Figure 30Figure 31). 



 

105 

 

 

 

Figure 30: Effect of independent GBM reference datasets on the concordance of 

simulated prospective predictions.  

Concordance of E2F1 pathway prediction for each of the samples in a given test dataset 

plotted as a function of predictions carried out during retrospective analysis or 

prospective simulations using a reference set built four unrelated GBM datasets 

processed together. R-squared values are shown for the Pearson correlation between 

prospective simulations and batch predictions. 
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Figure 31: Effect of using a single independent GBM reference datasets on the 

concordance of simulated prospective predictions. 

Concordance of E2F1 pathway prediction for each of the samples in a given test dataset 

plotted as a function of predictions carried out as a batch or during prospective 

simulations using a reference set built each of the four unrelated GBM datasets or all 

four datasets processed together. R2 values are shown for the Pearson correlation 

between prospective simulations and batch predictions. The line of identity is shown in 

for reference purposes. 

 



 

107 

Finally, to determine if a bias in an important biological variable would result in 

a similar skewing of predicted pathway activity, we evaluated a series of breast cancer 

samples using either an independent ER+ or an ER- dataset as the source of the reference 

data.  As shown in Figure 32, we found that there is a strong concordance between the 

predicted E2F1 pathway status when either an ER- reference or an ER+ reference dataset 

is used, regardless of which original dataset was the source for the reference (R2 = 0.987 

and 0.856). We note that when using the Ivshana et al. dataset as a reference, we do see 

predictions shift away from a linear relationship, with a number of the probabilities 

being significantly higher when standardized using the ER+ reference (Figure 32). 
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Figure 32: Effect of ER status in batch-independent breast cancer reference datasets on 

the concordance of simulated prospective predictions. 

Concordance of pathway predictions for samples in a given test dataset plotted as a 

function of predictions carried during prospective simulations using a reference set of 

either only ER+ or only ER- breast cancer. A) Test dataset of GSE4922 was processed 

using a reference set of either ER+ or ER- samples from GSE2034. B) Test dataset of 

GSE2034 was processed using a reference set of either ER+ or ER- samples from 

GSE4922. R2 values are shown for the Pearson correlation between predictions using ER+ 

or ER- reference sets. 

 

The fact that this type of effect is not consistently observed when using a 

biologically biased reference dataset argues that the shift away from concordance is 

likely due to batch related effects rather than biological biases in the dataset. To further 

determine the likelihood that a biased reference set will influence the outcome of 

prospective analysis, we examined a reference dataset composed of only samples that 

were a priori known to have either low or high predicted pathway activity (Figure 33), 
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but were composed of samples from multiple batches. In this analysis we also found that 

there was significant deviation from concordance between retrospective analysis and 

prospective simulations (R2 = 0.6055, 0.4934). However, it should be noted that during 

the permutation testing reported above, we did not encounter a single case where the 

correlation was as this weak, thus suggesting that obtaining a reference dataset that is 

extremely skewed would be an extremely rare case, and that larger accrual or 

incorporation of multiple historical datasets would overcome this concern. 

 

 

 

Figure 33: Pathway biased reference datasets compromise prospective predictions 

Concordance of E2F1 pathway prediction between retrospective analysis (x-axis) and 

prospective simulation (y-axis) using either a reference dataset selected to contain only 

samples with E2F1 pathway activity > 0.75 (left) or < 0.25 (right). R2 and P-values are 

shown for the Pearson correlation. The line of identity is shown in blue for reference 

purposes. 
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Based on these results, we can conclude that it is possible to use the framework 

outlined here for applying genomic signatures derived from cell line models in the 

context of a prospective clinical study.  With an appropriately diverse reference dataset, 

we find that this framework for prospective analysis accurately reflects the application 

of these signatures in a retrospective batch analysis.  

 

3.4 Discussion 

The challenge of achieving the goal of personalized cancer therapy is daunting, 

driven in large part by the enormous complexity and heterogeneity of disease. It is well 

recognized that cancer is not one disease but many, each requiring a therapeutic 

regimen tailored to the characteristics of the disease process. To further magnify the 

challenge, it is likely that effective cancer treatment regimens will require not single 

agents but combinations of agents that can target the vulnerabilities presented by that 

particular cancer. Present day treatment guidelines for most cancer modalities have been 

derived from clinical trials that show benefit across a population of patients without 

regard to the inherent heterogeneity of the disease presented by these patients. As such, 

the benefit for any individual patient may not reflect this overall result and the benefit 

for an individual patient may be minimal. In essence, this is the challenge of 

personalized cancer medicine, the capacity to progress beyond studies of drug efficacy 
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in mixed populations to trial designs that allow the development of drugs that are 

matched with the individual patient. 

Many have argued that the use of gene mutations or specific gene alterations 

such as copy number alterations will be the mechanism to most effectively achieve the 

goal of personalizing therapy. In other cases, gene signatures that involved complex 

statistical models have been evolved to simple PCR assays of single genes or a limited 

number of genes (221). While these forms of assay are conceptually simple and easy to 

interpret, we believe the more complex assays such as those described here will also 

play an important role in being able to more effectively address the complex nature of 

the biology confronted by cancer states.   

A critical aspect of initiating prospective studies to evaluate the performance of 

the signatures is to provide the opportunity to define the conditions and procedures 

necessary for implementation in day-to-day clinical practice. These include the ability to 

confirm the feasibility of conducting quality control of the tissue specimen and 

microarray data (60), evaluate the technical variability of microarray data (222), 

recognize the necessary step of assessing the accuracy and precision of signatures in 

replicate tumor samples (223),  to report genomic results in a timely manner, and to 

overcome the challenges discussed here when using in vitro-based expression signatures 

in the context of predicting a single patient sample. With respect to normalization 

procedures between disparate sources of gene expression data (cell lines vs. human 
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tumor data), we show here that if the appropriate measures are taken these methods 

have the capacity to adjust for these differences such that gene expression signatures 

derived from cell culture samples can be applied to the analysis of patient tumor 

samples.   

Finally, we note that the ability to create a framework for prospective predictions 

using a cell line derived signature can be influenced by the nature of the samples used as 

the reference dataset. Perhaps not surprising, we found that substantial shifting occurs 

when using array data from disparate array platforms, such as when attempting to use 

standard U133A array data to serve as a reference for high-throughput U133A arrays 

(Figure 34). A more subtle effect is seen where a single batch of samples was used as a 

reference for normalization, leading to some skewing in the pathway predictions 

between the prospective simulation and the retrospective analysis. Finally, there was 

also some evidence for a modest potential bias as a function of a biological variable such 

as ER status (Figure 32). 
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Figure 34: Impact of reference array platform on prospective simulation 

HT-U133A GBM samples were used as the test samples for retrospective analysis or 

prospective simulation relying on a reference dataset that was either built from standard 

U133A arrays (left) or from HT-U133A arrays (right). Concordance of predictions is 

shown as the Pearson correlation coefficient (R2). 

 

Ideally, one would strive to utilize a set of samples as the reference dataset that 

were closely matched to those expected to be collected prospectively. For instance, this 

might involve an initial lead-in collection of pre-trial samples from equivalent patients to 

be enrolled in the trial, facilitated by the fact that even small reference sets can provide 

adequate information to produce robust results. But, it is also true that a reference 

dataset composed of multiple batches from unrelated and non-overlapping datasets can 

produce results that are highly concordant with a retrospective analysis. Given that 
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accrual during a clinical trial may challenge the ability to collect sufficient numbers of 

samples to generate a robust reference dataset, the ability to leverage the wealth of 

public gene expression data to generate more universal reference datasets may 

ultimately be the most robust approach. Importantly, these results provide a framework 

to take advantage of the power of in vitro experimental studies that can accurately define 

cellular states such as pathway activation that can then be translated into tumor 

analyses, including in the context of prospective clinical studies. 

 

3.5 Materials and Methods 

Pathway signature and GenePattern Implementation. 

The development of genomic signatures predicting activation of various 

oncogenic signaling pathways, including the E2F1 pathway, has been described in 

previous work (45, 218). The parameters for development of an E2F1 and a Src pathway 

signature were described previously (16, 219). Briefly, in this analysis we used BinReg 

2.0 version 2 (BinReg 2) (224, 225). The E2F1 signature was built using the default 

parameters of 150 genes with 2 metagenes, and the Src signature was built using (the 

default) 85 genes with 3 metagenes. All other parameters for analysis were also left to 

their default settings in the GenePattern module. Training data files were RMA 

normalized, and are provided as Supplemental Tables 1 and 2. 
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 We have recently described a computational platform making use of the 

Broad Institute GenePattern framework that combines these in user-friendly interface, 

using the principals previously established (219).  The BinReg statistical algorithm is one 

of the components of the gene expression signature analysis platform collectively 

termed SIGNATURE and available from a GenePattern implementation2  

 To allow this framework to prospectively predict pathway signatures for 

individual samples, the GenePattern module was modified to allow the user to load a 

Reference dataset (Supplemental Figure 1). The normalization reference should contain a 

dataset processed using the same normalization method (RMA or MAS5) as both the 

training dataset and the test dataset. The reference is then combined with one of the test 

samples, and normalization (quantile or shift + scale) proceeds on that combined dataset. 

This is repeated for each of the test samples, ultimately resulting in a test set where each 

sample was normalized independently. 

 

TCGA test datasets. 

Alteration status of RB1 was downloaded from cBioPortal3 for ovarian cancer 

samples (n = 488). Data used to impute RB1 status for glioblastoma (GBM) Samples (n = 

368) was downloaded from the TCGA web-portal4. RB1 was classified as altered for 

                                                      

2 https://genepattern.uth.tmc.edu/gp/pages/login.jsf 
3 http://www. cBioportal.org/public-portal/index.do 
4 http://tcga-data.nci.nih.gov/tcga 
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GBM samples with a homozygous deletion, defined as a log2 ratios of < -0.8 on the SNP6 

platform, or with a validated non-silent mutation in RB1. Level 1 Affymetrix HT-U133A 

expression .CEL files for ovarian and GBM samples were downloaded from the TCGA 

web-portal and RMA normalized using Bioconductor5 in R6, batching by tumor type. 

Only the first available .CEL file for a given patient was analyzed, all other replicate 

.CEL files were removed from analysis.  

 

Reference datasets and prospective simulation. 

We RMA normalized nested sets of 10, 30 or 100 random GBM samples from our 

test dataset to serve as a reference.  A non-overlapping random subset of 50 samples was 

chosen for prospective analysis simulation. Each .CEL file for the 50 test samples was 

RMA normalized independently and then the 50 resulting files were merged into a 

single test dataset.  Reference samples, test samples and signature files were loaded into 

the GenePattern module for prospective simulation, and run with inputs described 

previously. This analysis was repeated 50 times, randomly selecting the nested reference 

and non-overlapping test sets.  Once the size of the reference was analyzed, we extended 

the analysis to the full GBM or ovarian datasets, RMA normalizing a random set of 10 

samples to serve as the reference and independently processing and merging the 

                                                      

5 http://www.bioconductor.org 
6 http://www.r-project.org 
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remaining samples as described above. This analysis was also repeated 50 times, 

randomly selecting 10 samples to serve as reference for the remaining samples. 

To analyze the effects of a biased reference set on prospective simulations, we 

used 10 GBM samples from the same batch as a reference for the remaining GBM TCGA 

samples as described above. We also used Affymetrix U133A GBM expression data from 

four publications (19, 112, 177, 226), representing five distinct batches. Samples from 

each dataset were independently normalized and merged to create test datasets as 

described above. We RMA normalized data from the remaining datasets together as the 

normalization reference, loading each dataset and the accompanying reference datasets 

into Gene Pattern. Results were compared to the predictions generated when all five 

datasets were RMA normalized together and run using BinReg2 + Shift/Scale. 

To determine the effect of using a biologically biased reference, we analyzed two 

previously published Affymetrix U133A breast cancer expression datasets (GSE2034 and 

GSE4922) for which estrogen receptor status was annotated (227, 228). We selected either 

50 (GSE2034) or 33 (GSE4922) random ER+ and 50 (GSE2034) or 33 (GSE4922) random 

ER- tumors to serve as a normalization reference datasets. ER+ samples were RMA 

normalized together, and ER- samples were RMA normalized together. CEL files from 

the non-reference dataset were normalized individually, merged and loaded into Gene 

Pattern along the training files and either the ER+ or ER- reference set as described 

above. 
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Statistical Analysis. 

Performance of the genomic signature was assessed using a Wilcoxon rank sum 

test and Receiver-Operator Characteristic (ROC) analysis. Concordance among 

retrospective and prospective applications of the model was evaluated using Pearson 

correlation coefficient, R2. Values are presented as the mean ± standard error of the mean 

where appropriate. 
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4. Concluding Remarks 

The past decade of research into the genomic underpinnings of malignant 

gliomas has demonstrated that glioblastomas, like many other cancers, are a 

heterogeneous collection of diseases that results from numerous potential alterations 

and combinations of those alterations (19, 54, 73, 112, 166, 169). This disease, by any 

definition, represents a complex setting where tumor development and malignant 

transformation can be viewed as having numerous potentially transforming alterations 

that are redundant to each other. The idea that these tumors would be dependant on the 

signaling of an initiating alteration has thus far not translated to an effective means to 

manage these tumors for long-term care. In several cases tumor recurrence has been 

demonstrated to occur by shifting the genomic resources used by the tumor either down 

the signaling cascade to drive the same signaling pathway, or to an analogous pathway 

that continues to promote tumor growth (19, 93). 

The work described in this thesis aims to address some of the critical concerns 

currently facing the cancer genomics community in the setting of malignant gliomas. 

While we are increasingly aware of the diverse molecular subtypes that are present in 

these tumors, the assumption that this is the only means to investigate and search for 

drivers of tumorigenesis overlooks the fact subtype-related alterations are rarely 

exclusive to one type, and that using different genomic sources to develop subgroups 

does not completely recapitulate the previous definitions of this disease. Even in other 
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brain cancers, such as medulloblastomas, the process of tumor development, while 

heterogeneous, produces more molecularly distinct clusters of tumors and occurs in 

clinically distinct populations of patients (18). This underscores the need for other 

methodological approaches to understand tumor signaling in the setting of 

glioblastoma, and provides weight to looking at this disease as a continuum rather than 

discrete sets of tumors. 

The research described here provides a general mechanism to identify candidate 

genes involved in the tumorigenic process of signaling deregulation as well as 

alterations associated with clinical outcome and response to therapeutic intervention. 

The pathway association framework we apply to glioblastoma could just as easily be 

extended to any of the numerous tumor settings that the TCGA or other large-scale 

genomic studies where there are paired genomic data sources. Moreover, this 

framework has proven its capacity not only to identify novel alterations associated with 

pathway deregulation, but to detect significant loci that other methods for studying 

copy number alterations fail to identify. It is precisely because we integrate pathway 

signaling with copy number alterations that we are able to identify and annotate these 

alterations, and this integration is a key component to the utility of this approach. 

However, it should be noted that follow-up validation efforts, such as in vivo or clinical 

analyses are still necessary to understand the role of these alterations, as the data present 

in the TCGA provides a starting place for further studies. 



 

121 

Additionally, this thesis has described a significant methodological extension of 

these genomic signatures by developing a means to apply these methods in the 

prospective clinical trial setting. While other research has focused on producing robust 

expression values for individual samples, we have demonstrated that even with robust 

values, the ability to normalize a training model with prospective samples still presents 

a barrier to implementing these methods. The research presented here has demonstrated 

that not only is it feasible to robustly predict the activity of a pathway signature in the 

prospective setting, but that the historical datasets already generated in many disease 

settings provide enough genomic variation to accomplish this without needing to use 

clinical samples from the trial itself. This in and of itself, represent a large step forward 

for the field, as numerous methodologies for classifying genomic samples exist beyond 

the pathway signatures that we use, and will likely also benefit from these types of 

approaches. 

 

4.1 Extending genomic signatures of pathway signaling 

4.1.1 Deeper integration and network analysis 

One of the key areas that we can move these analyses forward is by expanding 

the contexts in which we utilize pathway signaling as a quantitative phenotypic 

measurement. While this thesis has focused on linking copy number alterations and 

mutations to pathway activity, we can similarly approach other key regulatory 
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infrastructures within the cell. We have already begun to investigate the role of 

microRNAs that are deregulated in GBM (Figure 36 in Appendix B), and the same 

analytical frameworks could reasonably be applied to protein expression and epigenetic 

alterations. However, one of the key features afforded by copy number alterations is the 

ability to identify which alterations are most likely important based on the linkage 

between adjacent loci. While there may be similar information that can be used in 

epigenetic analysis, the boundaries of chromatin modification are likely much more 

fluid and discrete than the chromosomal boundaries created during tumorigenesis. 

Therefore, it is likely that other analytical approaches will be necessary to further extend 

our understanding of signaling deregulation in this complex setting. 

In the particular case of microRNAs, one of the key features that may lead to a 

better understanding of the role these short non-coding RNA sequences play is the 

ability to calculate the likelihood that they target a particular mRNA based on homology 

and sequence conservation (229). In fact we note that careful examination of microRNAs 

expressed in GBM tumors shows that pathway signaling can act directly as a filter to 

identify candidate microRNAs that appear to be exerting a stronger effect on their 

predicted downstream target compared to analyses of overexpression alone. Clearly this 

information, like the physical proximity when analyzing copy number alterations, 

provides a means to better understand the functional impact of microRNAs while 
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informing the next experimental steps to take to unravel the role these short non-coding 

RNAs play in the tumorigenic landscape. 

While predicting target activation adds a key element to these analyses, full 

integration across datasets is clearly the ultimate goal of a project such as the TCGA. 

Combining the diverse genomic datasets will require more flexibility than our current 

model affords, which is a relatively simplistic implementation of the association 

framework. While we have clearly demonstrated the ability to identify numerous clear 

and well characterized pathway regulators, many of which are overlooked by other 

approaches, we have yet to fully encapsulate the diversity of genomic data that we have 

access to. To extend these models, a key area to consider is building a networked 

framework where we can imply or require additive, synergistic, or inhibitory affects 

between the different types of genomic data so that we can better understand the 

alterations that leverage pathway signaling in this disease setting and in others.  

 

4.1.2 Cytomegalovirus signaling in GBM 

One of the intriguing findings that occurred during the analysis of microRNA 

expression was the identification of significant associations between non-human 

microRNAs and pathway signaling. In addition to assaying human microRNAs, the 

Agilent array chip used by the TCGA also assays microRNAs encoded by Herpes 

Simplex Virus 1 (HSV1), Cytomegalovius (CMV), Ebstein-Barr Virus (EBV), and Kaposi 
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Sarcoma Virus (KSHV). While several of these viruses have been well characterized for 

their contribution to tumorigenesis in the context of other human cancers, in the setting 

of GBM it has been CMV that has received the most attention, with conflicting reports 

that detail a strong association of CMV with grade or the inability to identify viral 

genomic content in these tumors (230). 

The fact that CMV microRNAs were associated with the activity of several 

signaling pathways (Figure 37 in Appendix B) was of interest during the analysis of 

TCGA microRNA platform. Especially intriguing was the fact that Stat3 signaling was 

among the strongest associations identified, consistent with recent work linking CMV 

signaling and Stat3 activity in glioblastomas (231). To better understand the relationship 

between these microRNAs and GBM characteristics, we investigate microRNAs encoded 

by CMV, to determine whether there were any clinically relevant findings associated 

with CMV transcripts. We were able to find a robust association of CMV-microRNA-

derived clusters of patients with the previously described human mRNA subgroups, as 

well as a robust association between one of the microRNAs, hcmv-miR-UL148D and 

patient outcome (Figure 38 in Appendix B). 

The results of these experiments are ongoing, but the initial associations that we 

have described, as well as apparent clinical affect of these microRNAs, provides a fertile 

ground for future studies. While the role of CMV has not been conclusively proven in 

GBM, and there are clearly conflicting reports detecting virally encoded genes in this 
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setting, evidence is accumulating that supports some interplay between reactivation of 

this virus and tumor signaling. The genomic analysis described here provides an initial 

support for a role of viral signaling in GBM deregulation. Clearly there is a need to 

further expand these studies, and while we have started to analyze patient samples 

using alternate methodologies, there is much work still left to be done to demonstrate 

that the viral microRNA signaling that we have detected in the TCGA reflects real 

biological results and not cross-hybridization of human sequences to these probesets. 

 

4.1.3 Factor analysis as a statistical extension to the signature 
framework 

The other clear means to extend these analytical approaches is to develop novel 

models of pathway signaling that are directly relevant to brain cancers. This could take 

the form of developing astrocytic or neural-stem cell based signatures of alterations that 

we do not have in our library of signatures to date, such as PDGFRA. This represents the 

traditional approach to pathway signatures, and would create unique, and biologically-

well defined signatures to understand this disease further. However, given the 

heterogeneity of this tumor setting, the best in vitro model to use for this purpose is 

debatable, and the fact that we have demonstrated the utility of signatures derived in 

other heterologous backgrounds argues that in some cases we would not need to use a 

brain tumor specific background for experimentation. Still, there are likely key features 

of tumor signaling that we have yet to capture in this setting, and expanding our 
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repertoire of genomic approaches would provide further insight into the disease 

processes governing GBM tumorigenesis. 

 An alternative approach that could be used to expand our repertoire of pathway 

signaling models would be to use regression based analyses to develop glioma-specific 

signatures. Our lab has already implemented Bayesian Factor Regression Modeling 

(BFRM) approaches that use the currently available signatures to develop context-

specific factor models (232). The idea here is that the signatures that we have developed, 

while important for capturing the dominant aspect of a signaling pathway in vitro, may 

provide the necessary information to start to understand more refined components 

within a pathway. Factor modeling, in this regard, provides a mechanism to develop 

multiple distinct quantitative models based on two data sources: the genes that are 

contained in the signature, and the expression data present in a context-specific dataset. 

The regression approach uses the signature genes as a seed to build new factor models 

which are not orthogonally constrained, but which capture significant variation within 

the target dataset related to the original seed of the signature genes. This process 

involves an iterative factor regression approach, and thus starts with the input seed of 

genes, and then evolves that list of genes into the ones that compose the final factor 

models. 

Work described by Chang et al. has demonstrated that the BFRM approach can 

not only can evolve a signature into its underlying component parts from a statistical 
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perspective but that these components identify the expression signaling patterns related 

to the control of specific downstream signaling elements within a pathway (48, 233). 

This idea, that factors built upon an expression signature reflect the core signaling arms 

that make up a pathway, has the ability to refine the information that we already have 

available in the pathway signatures. It is a powerful extension of the pathway 

framework that adds further specificity to a pathway signature. 

This method also provides a means to add context to a given signature that may 

be initially lacking. Work by Erich Huang in the lab has demonstrated that factor-based 

models built from a given signature can outperform the original signature when 

predicting drug response, in this case for EGFR and erlotinib as well as Src and 

dasatinib. While this would be expected, what was intriguing about these results is that 

distinct factors associated with drug response in different tumor settings, even though 

they were developed concurrently. This tumor-type specificity is an attractive feature of 

factor development, and could prove useful not only in the glioma setting, but also in 

other settings similar hypotheses about clinical response to targeted therapeutic 

intervention are currently a key area of research. 

While we have demonstrated that most of the signatures appear to perform 

reasonably well in the reduced GBM-specific expression dataset, evolving factors that 

are related to the underlying expression patterns present in glioblastoma would provide 

a more thorough and insightful understanding of this disease setting than relying on the 
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original signatures alone. Moreover, further analytical approaches, such stochastic 

shotgun search provide us the ability to build combinatorial models integrating multiple 

different factors to better model a phenotype of interest (234). These methods may prove 

useful for identifying sets of factors that on there own contribute to response to 

therapeutic intervention, or disease progression, but which only account for a fraction of 

the variation found within that phenotype.  

With all of the benefits mentioned, the primary drawback to this approach is that 

while we understand the biological context in which the signatures themselves are 

generated, it will not be directly apparent initially as to which facets of glioma signaling 

we capture by evolving factors in a glioma-specific dataset. While it can be expected that 

the details that a quantified by this method will relate to the original signature, as 

demonstrated above, the exact underlying meaning of this quantitative data will have be 

determined post-hoc. So, though we will undoubtedly capture important signaling 

information, we lose the direct contextual connection developed by manipulating the in 

vitro environment. However, given the benefits afforded by the statistical extension of 

these signatures, and the challenges in selecting the appropriate in vitro model to use for 

signature development, factor analysis offers a direct and amenable line of further 

inquiry into the signaling deregulation present in these tumors. 
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4.2 Additional practical concerns for prospective genomic 
analysis 

As genomic technologies continue to mature, the prospect of creating a genomic 

biomarker or assay will continue to be a moving target. Not only are there technological 

hurdles for implementing microarray-based approaches in the clinic, but there are 

practical considerations that are as important as the scientific ones. It has been well 

noted that the cost of DNA sequencing is dropping at a rate at least equivalent to 

Moore’s law, though these numbers do not always include processing time and data 

storage costs associated with this incredibly dense information source. It is extremely 

likely that within the next decade that microarrays will no longer be necessary, as 

genome-wide sequencing will be more cost effective, and will not require the a priori 

definition of targets to be assayed. Unless sequencing technologies hit a cost-barrier, 

which currently appears unlikely, then this transition is inevitable and in some research 

settings is already happening. 

The obvious hurdle, or opportunity, that this creates is the need to transition data 

away from microarrays and towards sequencing based approaches. While transitioning 

to a sequencing based approach may become appealing from a purely monetary 

approach, if the switch to sequencing represents a clear break with microarray 

technologies then in many cases there will be a wealth of historical data that becomes 

wasted or unusable. We demonstrated that historical datasets were able to overcome 
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batch-related biases in the prospective modeling of pathway signaling. In a disease 

setting as rare as glioblastoma, such historical datasets provide more value than the cost-

differential of switching to sequencing currently affords. The field of genomics should 

invest in preserving the utility of these datasets by determining how to robustly 

integrate gene expression microarrays with next generation sequencing data, and how to 

transition between the two technologies. To assume that this transition will not happen 

would be naïve, but to not address the technical hurdles or to let these resources, built 

from patient samples, public funding, and years of research, lay unused because of a 

technological transition, would be wasteful. The fact that we can and do integrate 

genomic technologies from disparate data sources argues that this integration will 

happen, but it will require a concerted effort to fundamentally understand how these 

two technologies relate to each other and how to overcome the biases inherent in both 

platforms. 

Finally, the work presented here primarily relies upon tumor tissue obtained as a 

biopsy or at the time of surgery. In the case of GBM, in which surgery is nearly always 

performed if possible, it can be assumed that for a large fraction of patients this will be 

feasible. But for inoperable tumors, or tumors in which surgery is not routine, such as 

lower-grade gliomas, the ability to apply a particular signature will need to be examined 

in the setting of a surrogate biomarker rather than bulk tumor tissue. Previous work 

from our lab by LaBreche et al. has demonstrated that this is indeed feasible, and can 
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serve as a marker for disease onset  (235). In conjunction with the work presented here 

we now have a means by which we can use a genomic signature as a biomarker of 

disease presence, and examine that biomarker in a prospective manner. These methods 

will need to be expanded, and it is still unclear whether other material rather than 

peripheral blood might serve as a better biomarker for disease activity. Other 

biomarkers, such as tumor-related microvessicles, cerebrospinal fluid or circulating 

tumor cells may prove a more useful source for understanding the underpinnings of a 

tumor while still providing a less- or non-invasive assay. Regardless of the tissue source, 

we are approaching a time in which we can reasonable expect to implement 

personalized genomic screening, and the methods and frameworks described here form 

the basis for such capabilities. 
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Appendix A 

 

 

Table 5: Parameters for pathway signature development 

 

 

 

 

 

 

 

 

 

 

 

 

** All signatures are run with Shift+Scale normalization using BinReg version 2 with 

1000 burn-ins, 5000 iterations, 3 skips and a 95% credible interval 

Signature ** # Genes # Metagenes 

Apply Quantile 

Normalization 

AKT 250 3 No 

BCAT 85 2 Yes 

E2F1 150 2 No 

E2F3 250 2 No 

EGFR 500 2 Yes 

HER2 250 3 Yes 

IFNA 100 4 Yes 

IFNG 100 4 Yes 

MYC 500 2 No 

P53 250 3 No 

P63 75 3 No 

PI3K 250 3 Yes 

PTEN 150 2 Yes 

RAS 350 2 No 

SRC 85 3 Yes 

STAT3 125 3 No 

TNFA 100 4 Yes 
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Figure 35: Expression normalization and validation of associations 

Expression data from 8 datasets was analyzed to create a single dataset for validation of 

expression-level associations between candidate genes and associated pathway 

signaling. PCA of datasets A) before and B) after application of Bayesian Factor 

Regression Modeling to remove batch effects on expression data. Samples are color 

coded based on the dataset from which they are derived. C) Venn-diagram depicting the 

number of genes that are found within copy number associated loci, and which also 

show significant expression level associations in the TCGA database (n = 356, yellow), 

validation GBM clinical dataset (n = 480, green), or the GBM in vitro and in vivo model 

dataset (n = 49, blue). 
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Appendix B 

 

 

 

 

Figure 36: Pathway signaling identifies key microRNA network hubs 

The expression of 536 microRNAs were correlated with pathway activity (left, Spearman 

correlation) or between normal brain and GBM samples (right, Wilcoxon rank-sum test). 

Significance was calculated using the FDR adjustment. microRNAs were then compared 

to the expression of predicted conserved targets to identify potential microRNA-mRNA 

repressive events which were calculated as the percentage of predicted conserved 

targets exhibiting significant anti-correlation (ρ < -0.5, Spearman). Under this analytical 

framework, the number of pathways that are strongly associated (q < 0.001) identifies a 

consistent relationship between microRNA-mRNA interactions, while overexpression or 

underexpression alone does not. 
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Figure 37: CMV-encoded microRNAs associate with pathway signaling 

Correlation between microRNAs encoded by CMV and pathway activity. Significance of 

association is indicated by darker color with direct associations shown in red and 

inverse associations shown in blue for q < 0.01. 
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Figure 38: CMV microRNA Expression-based clusters of GBM 

CMV microRNA expression in GBM tumors associates with distinct subgroups of GBM, 

and patient outcome. A) USHC of microRNA expression (left) and paired normal brain 

expression of microRNAs (right) for 14 microRNAs encoded by CMV. B) Enrichment of 

GBM subtypes in clusters identified in panel A. * P < 0.05, Fisher’s Exact Test. C) Kaplan-

Meier analysis of hcmv-miR-UL148D expression in patient samples. Log-rank P-value 

shown. 
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