


 

 

  



 

 

ABSTRACT 

Identifying and Predicting Molecular Signatures in Glioblastoma Using Imaging-Derived 

Phenotypic Traits 

by 

Dalu Yang 

This thesis addresses the relationship between molecular status of glioblastoma 

patients and imaging-derived phenotypic traits. Glioblastoma (GBM) is the most 

common and aggressive malignant brain tumor. GBM’s complex heterogeneity in gene 

expression leads to considerably various responses to current treatment among different 

patients. Thus, a deeper understanding of tumor biology and alternative personalized 

therapeutic intervention is urgently demanded. Magnetic Resonance Imaging (MRI) and 

histologic images are routinely used for GBM diagnosis. The imaging-derived 

phenotypic traits can be linked to tumor molecular signatures. In this thesis, we explore 

the imaging-genomic relationship in GBM via three approaches. First, we aim to find 

MRI-derived texture features that best discriminate GBM molecular subtypes. Second, 

we aim to find gene networks that determine the radiologically-defined tumor sub-

compartment volumes. The third approach aims to quantify GBM histologic hallmarks 

and correlate them with biological pathway activities. Our study shows that linking 

imaging traits with tumor molecular status has potential clinical relevance and provides 

biological insight.
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Introduction 

1.1. Background 

Medical imaging techniques such as CT and MRI have been used in initial 

diagnosis of cancer and monitoring therapeutic effects. [1-3] Due to their noninvasive 

nature, imaging studies are part of a routine clinical procedure in cancer treatment. The 

imaging techniques are great tools for quantitatively assessing the morphological and 

anatomical information of tumor, as well as for guiding surgical and radiation therapies. 

However, the lack of molecular detail in radiographic imaging studies has limited its 

effectiveness in discovering biological correlates of tumor development and in 

identifying new possible therapy methods. [4]  

Microarray technology, on the other hand, has the ability to measure all the genes 

in the whole genome simultaneously. [5, 6] This technology allows the researchers to 

investigate the interaction between individual biomolecules and their influence to 
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physiological processes in a far more efficient way than modifying and studying single 

genes in a mouse model. [7] With the microarray technology, the heterogeneity of gene 

expression profiles among different tumors can be accurately evaluated, which is useful 

in tumor subtyping and finding new prognosis predictors. Although the microarray 

measurement can give researchers a better understanding of the tumor, it requires tissue 

samples from biopsy or surgery, making it not practical for all patients. 

Therefore, imaging-genomics, the emerging research area that studies the 

relationship between phenotypic traits derived from medical images and the molecular 

characteristics, has been a promising new direction of cancer research. [8] A typical 

imaging-genomic study attempts to understand how molecular correlates, such as gene 

expression or mutation, determine the imaging phenotypes, and to find imaging features 

as surrogates of molecular biomarkers which are relevant to clinical outcomes. [9]  

The conventional approach of extracting phenotypic traits from medical images 

mostly relies on human expert readers. [10-12] Although there are guidelines designed 

for reproducibility of the features extracted by the human readers, manual image analysis 

still have some disadvantages compared to fully-automatic computer analysis. 

Inefficiency of manual feature extraction, limited feature set according to the guidelines, 

and noise introduced by inter-rater variability are some common problems that 

researchers are facing when using manually extracted image features. [8]  

With the recent development of computer vision algorithm, automatic feature 

extraction are increasingly adopted into radiogenomic researches. Some initial studies 

have shown that computer generated features are capable of correlating with molecular 
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information. [13, 14] There is still enormous potential in computer vision algorithms for 

tackling radiogenomic problems. 

1.2. Motivation 

In 2015, nearly 23,000 patients in the United States were newly diagnosed with 

brain cancer, and over 15,000 patients with brain cancer died. [15] Generally, among all 

malignant brain tumor cases, more than 46% of adult patients have glioblastoma (GBM). 

[16] GBM is the most common and aggressive type of malignant brain tumor, with a 

median survival of only 12-15 months. [17]  

Recent studies have identified several distinct molecular alterations in GBM. [18] 

This underlying molecular heterogeneity suggests it necessary to develop different 

treatment strategies for different patients. However, currently the only way to determine a 

patient’s tumor subtype is to perform an invasive brain biopsy followed by mRNA 

profiling [19]. A brain tumor biopsy can be both costly and risky. [20, 21] 

The limitations in chemotherapy is yet another problem besides the molecular 

heterogeneity assessment of tumor. Currently temozolomide is the only approved 

chemotherapy for GBM. [17] Although the biological characteristics of GBM have been 

better understood in the recent years, GBM’s complex phenotype and heterogeneity in 

gene expression are still challenges searching for deeper understanding of tumor biology 

and alternative strategies for therapeutic intervention. 

Hence, the studies in this thesis aim to investigate:  
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i) The feasibility of using image features automatically derived from tumor 

MRI scans for discrimination of molecular subtypes and 12-month overall 

survival (OS) status in GBM. In particular, the performance of five 

commonly used two-dimensional (2D) texture feature descriptors for their 

potential value in these classification tasks;  

ii) The genes and pathways that are biologically relevant to GBM, based on 

the stratification of overall survival in GBM patients by the four 

radiologically defined tumor compartment features derived automatically 

from MRI scans; 

iii) Fully automatically assessed GBM hallmarks in microscopic images and 

their relevance to biological pathways. In other terms, the correlation 

between the extent of necrosis/ microvascular proliferation and pathway 

activities.  

1.3. Thesis Layout 

In Chapter 2 I discuss the method and experiment results in predicting GBM 

subtypes with MRI texture features. In Chapter 3 I demonstrate how genes and biological 

pathways are identified based on radiologically defined tumor compartment features from 

MRI scans. In Chapter 4 I extract clinical hallmarks from whole slide tissue images and 

identify pathway activities correlated with them. Chapter 5 discusses the implications of 

the experiment results and possible future works. Chapter 6 states the conclusion of this 

thesis and my contributions. 
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1.4. Contributions 

The contributions of each chapter is are listed for an overview as follows: 

Chapter 2:  

 We show that specific texture features extracted from MRI images can be 

used to predict subtypes and overall survival of GBM patients. 

 We demonstrate that the prediction performance depends on the 

combination of MRI modalities and scan directions. 

Chapter 3: 

 We show that automatically generated tumor compartment features from 

MRI scans are informative in finding GBM tumor pathways. 

 We discuss the feasibility of drug discovery method by integrating image 

features, gene expression data, and patient survival information. 

Chapter 4: 

 We designed the algorithm for comprehensively assessing GBM tumor 

hallmarks in whole slide tissue images. 

 We identified GBM-relevant biological pathways correlated with the 

quantitative assessment of the tumor hallmarks. 
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Predicting Molecular Subtypes with 

MRI Texture Features 

2.1. Introduction 

As mentioned in Chapter 1, GBM can be classified by distinct molecular 

alterations. Specifically, four molecular subtypes of GBM have been identified: classical, 

mesenchymal, neural, and proneural, each representing distinct molecular alterations. The 

four subtypes are identified using consensus hierarchical clustering on a gene expression 

dataset of 202 patients and 1,740 genes. [18] The four subtypes have different gene 

signatures and clinical correlations and are found to require potentially different 

treatment strategy. For example, intensive therapy (concurrent chemotherapy and 

radiation) results in better survival outcomes in patients of classical subtype, but not in 

patients with the proneural subtype. [18] A more recent study show that patients with 

mesenchymal signatures have significantly extended survival after immunotherapy, but 

patients of the other three subtypes do not. [22] In addition, these subtypes are also 

associated with distinctly different survival outcomes (for example, the proneural subtype 

has a better overall survival than the other molecular subtypes). [18] Although it is 
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crucial to determine the molecular subtypes before proper treatment, a biopsy is required 

for this task, introducing extra cost and risk as well as delaying the decisions on the best 

treatment strategy. 

Unlike the brain biopsies, MRI has been routinely used for noninvasive assessment 

of brain cancer. An imaging based characterization presents a variety of advantages [8], 

such as permitting interrogation of tumor heterogeneity characteristics and an assessment 

of tumor pathophysiology. More recently, it has also been suggested that GBMs harbor 

multiple cell subpopulations, [23] hence an imaging based examination can also provide 

an insight into the molecular programs driving the disease. Gutman et al. demonstrated 

that manually extracted visual features from MRI are associated with the GBM molecular 

profiles and survival duration. [11]  

Computer-based evaluation techniques (image analysis and machine learning 

algorithms) have shown enormous potential in tackling detection and classification tasks 

on radiologic data. [24] Of the many image analysis techniques, computer derived texture 

features from MRI scans, a characterization of gray-level tumor heterogeneity, have been 

of particular interest in tissue and tumor segmentation tasks in GBM. [25] Other studies 

have indicated that MRI texture analysis can differentiate GBM from other types of brain 

tumors, such as low-grade gliomas or malignant glioneuronal tumors. [14, 26] Also, 

texture features and gray-level tumor heterogeneity in MRI have been studied for survival 

prediction in GBM patients. [27, 28] These studies all suggest that clinical aspects of 

GBM can be characterized quite effectively by MRI-derived tumor texture features. 

However, the relationship between any specific measure of gray-level tumor 

heterogeneity from tumor MRI scans and the underlying tumor biology (molecular status) 
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in GBM is still unclear. Some recent studies have suggested that texture features from 

diagnostic (MRI) images might have predictive value for the determination of tumor 

molecular phenotype (subtype) status in breast tumors. [29] Hence, we sought to 

investigate the feasibility of using texture features from tumor MRI scans for 

discrimination of molecular subtypes and 12-month overall survival (OS) status in GBM. 

In particular, we evaluated the performance of five commonly used two-dimensional 

(2D) texture feature descriptors for their potential value in these classification tasks. We 

also aim to compare the information presented in different image planes (axial, coronal, 

or sagittal) and different MRI sequences (postcontrast T1 weighted or T2 FLAIR).  

2.2. Pre-processing of MRI scans 

MRI scans were processed in three steps: nonparametric intensity nonuniformity 

normalization (N3-correction), tumor segmentation, and image reslicing.  

N3-correction corrects the inhomogeneity in each set of MRI scans. [30] Such 

inhomogeneity, or shading artifacts, is due to intensity variations caused by 

inhomogeneous radio-frequency excitation or spatial variation in the reception sensitivity. 

N3-correction corrects this inhomogeneity by iteratively estimating the spatial variation 

of sensitivity and tissue intensity distribution. [30] N3-correction was performed using 

the Medical Image Processing, Analysis, and Visualization software (National Institutes 

of Health, Bethesda, MD). [31] The left hand side of Figure 2.1 shows the inhomogeneity 

before correction and the right hand side shows the corrected image. 



 18 

 

Figure 2.1 Brain MRI scan before and after N3 correction  

To extract tumor image features, tumor segmentation was done using the Medical 

Imaging Interaction Toolkit software (Heidelberg, Germany). [32] The segmentation was 

performed on a slice-by-slice basis separately on the post-contrast T1-weighted and the 

T2 FLAIR sequences of each patient, yielding two 3D tumor volumes per patient. For 

post-contrast T1-weighted sequences, the contrast enhancing tumor was segmented. For 
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T2 FLAIR sequences, the solid tumor as well as infiltrating tumor and edema that is 

delineated by increased intensity were segmented. No image registration is done between 

the T1-post contrast and the T2-FLAIR image sequences – thus geometrical distortions 

between the two have not been considered. 

The pixel spacing in each slice as well as the spacing between slices are not 

identical among the scans from different patients. To account for the unequal resolutions, 

image reslicing was performed (using trilinear interpolation) so that the voxel dimensions 

in the resulting three-dimensional (3D) image were isotropic. The reslicing step was 

performed in MATLAB using the NIfTI toolbox (MathWorks; Natick, MA).  

Two-dimensional (2D) texture features were evaluated on the image slices with 

maximum tumor area from each of the image planes (axial, coronal, or sagittal) and for 

each MRI sequence (T1 post-contrast or T2 FLAIR). A rectangular tumor region (that 

encloses the segmented tumor area at that slice) was extracted, and image features were 

computed. An illustration of the entire pre-processing step is shown in Figure 2.2. 
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Figure 2.2 The pipeline of pre-processing step 

2.3. Texture Feature Extraction 

We extracted five sets of global image features: segmentation-based fractal 

texture, run length matrix, local binary patterns, histogram of oriented gradients, and 

Haralick texture features. The detailed methods for deriving these features are described 

as follows, and the parameters we used for each type of features are summarized in 

Appendix A. 

2.3.1. Segmentation-based Fractal Texture Analysis (SFTA) 

SFTA uses fractal dimension analysis to describe the complexity and texture 

features in the image. [33] The binary decomposition step in SFTA captures the regions 

with high intensity variations. The complexity of these regions is quantified by the 
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Hausdorff’s fractal dimension. The Hausdorff’s fractal dimension of a 2D tumor area is 

defined as 

D0 = − lim
ϵ→0

logϵ N(ϵ) = lim
ϵ→0

log N(ϵ)

log ϵ−1
 

where N(ϵ) is the number of ϵ×ϵ squares needed to cover the 2D area. [34] For digital 

images, the value of D0 can be approximated by the box-counting algorithm. [35]  

To compute SFTA features, we first find 8 intensity thresholds (t1, t2, …, t8) by 

applying multi-level Otsu algorithm. [36] The multi-level Otsu algorithm determines the 

intensity thresholds so that the between-class variance is maximized. Then we 

decomposed a grayscale tumor image into 16 binary images using the two-threshold 

binary decomposition algorithm. Subsequently, these thresholds are applied to the 

grayscale image to generate binary maps. For each binary map, we computed three values 

as texture feature descriptors: fractal dimension, mean gray level, and area. These steps 

are illustrated in Figure 2.3. 
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Figure 2.3 Segmentation-based fractal texture analysis (SFTA) feature extraction.  

A tumor region of interest (ROI) is decomposed to 16 binary images by applying the two-

threshold binary decomposition algorithm. For each binary image, three features are 

computed: fractal dimension, area, and the average graylevel of the corresponding pixels 

in the original image. The 48 features are combined to form the SFTA feature descriptor. 

‘I’ refers to the graylevel representation of the image. 𝒕𝒏 and  𝒕𝒏+𝟏 represent the upper 

and lower limits of the 𝐧𝐭𝐡 intensity bin. 

2.3.2. Run-length matrix (RLM) 

An RLM essentially describes the distribution of graylevel runs and captures 

coarseness in a grayscale image. [37] In an RLM, the entry (𝑖, 𝑗) is the number of gray 

level runs with gray level 𝑖 and run-length 𝑗. A gray level run is defined as a set of 

connected and collinear pixels that are of the same gray level. The length of the run is the 

number of pixels in that run.  

For each tumor image, we constructed four RLMs, one for each direction of the 

run (0°, 45°, 90°, and 135°). Figure 2.4 shows how a typical RLM is constructed. For the 

RLM in each of the four directions, we extracted 11 RLM texture features by weighting 
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and summing different terms in the RLM. [38, 39] To obtain rotational invariance we 

summed the texture features from all four directions. The formulas for computing 11 

RLM features are listed in Appendix A. 

 

Figure 2.4 Computing the run-length matrix (RLM).  

The original tumor ROI is reduced to a 4-bit grayscale image (16 different intensities). 

RLM is constructed by counting the number of runs with each gray level and run-lengths. 

Eleven features can be computed by weighting and summing different entries of the 

matrix. 

2.3.3. Local binary patterns (LBP) 

LBP describes the texture features of an image by comparing the intensities of 

neighboring pixels in small patches. [40] Consider the 3×3 patch around one pixel in a 

grayscale image. If the intensity of a surrounding pixel was greater than the center pixel, 

a 1 is recorded as the comparison result for that pixel; otherwise a 0 is recorded. Because 

there are eight surrounding pixels in a 3×3 patch, we arranged the comparison results 

into an 8-bit binary number, which was then converted to a decimal ranging from 0 to 

255. These steps are summarized in  
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We obtained a binary pattern (a decimal) for every pixel in the tumor image. Then 

we computed the histogram of these binary patterns across all the pixels in the image. 

The histogram had 256 bins, and the height in each bin was the frequency with which the 

binary pattern occurred in the image. After normalization, the histogram served as LBP 

texture features of the tumor image, quantifying the distribution of the 256 binary 

patterns within 3×3 patches. 

 

Figure 2.5 Computing local binary patterns (LBP).  

In step 1, for each pixel in the tumor region of interest (ROI), a 𝟑×𝟑 patch covering the 

pixel is extracted. In step 2 we compare the pixel intensity of the surrounding pixels with 

the center pixel. The comparison results are either 1 (the surrounding pixels are more 

intense) or 0 (the surrounding pixels are less intense) and are recorded in a 𝟑×𝟑 table. In 

step 3 the results in the table form in the indicated direction a binary string, which is then 

converted to a decimal number. Eventually each pixel has a decimal number describing 

its binary pattern. We use the normalized histogram of these decimal numbers as the LBP 

texture features. 



 25 

 

Figure 2.6 Computing histogram of oriented gradients (HOG) features.  

To ensure that the final HOG features had the same dimension, we resized all the original 

tumor regions of interest (ROIs) to 𝟒𝟎×𝟒𝟎. Then the gradient map is computed and 

divided into 25 8×8 cells. In each cell we compute the histogram of the gradient 

intensities in each of the 9 directions. The histograms are illustrated by the short white 

lines in each cell. In each 2×2 blocks (such as the one in red full lines and the one in 

black dotted lines) the histograms are normalized via the L2-Hys scheme. 

2.3.4. Histogram of oriented gradients (HOG) 

HOG captures the distribution of intensity gradients in small regions in an image. 

[41, 42] Similar to other texture descriptors, HOG is a representation of the neighborhood 

structure of pixel intensities.  

To compute HOG features, we first computed the gradient of the image. Then we 

divided the gradient map into non-overlapping square patches (called cells). In each cell, 

we constructed a histogram in which the bin centers are directions (20°, 40°, … , 180°), 

and the heights are a combination of frequency and gradient intensity in that direction. 

Next, the cells (and the histograms) were grouped together to form blocks for 

normalization. In general, each cell is 8×8 pixels. Each block consists of four cells (thus 

the size of each block is 16×16) and the stride (block overlap) is 8 pixels. The four 
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histograms within each block were normalized together with the L2-Hys scheme 

(clipping the unit length vector then renormalizing). [43] The concepts of cells, blocks, 

and histograms of gradients are illustrated in.Figure 2.6. 

2.3.5. Haralick texture features 

Haralick texture features quantitatively describe the homogeneity, luminance, 

complexity, etc. of an image through 13 numerical texture features extracted from the 

gray-level co-occurrence matrix (GLCM). [44] The entry (𝑖, 𝑗) in a GLCM is the total 

number of pixel pairs that have a gray level 𝑖 and 𝑗 in the image in a specific direction 

and distance. The 13 features are derived from the GLCM.  

 

Figure 2.7 Computing Haralick features.  

The tumor region of interest (ROI) was reduced to a 4-bit grayscale image (16 different 

intensities). The entry (i,j) of a gray-level co-occurrence matrix (GLCM) can be 

computed by counting the total number of pixel pairs that have a gray level i and j in the 

image at the specific distance. For each GLCM, 13 Haralick features can be computed by 

weighting and summing different entries of the matrix. Finally we found a total of 52 

Haralick features for each tumor ROI (by concatenating the 13 features across different 

distances). 
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To obtain rotational invariance, we summed the GLCM over four canonical 

directions (0°, 45°, 90°, and 135°). We repeated the GLCM calculation with different 

pixel distance offsets to obtain both fine and coarse features. Figure 2.7 shows the four 

GLCMs computed for a tumor region of interest (ROI). 

2.4. Classification Algorithm 

We used random forest (RF) classifiers to predict GBM molecular subtypes and to 

predict 12-month survival status (alive or dead at 12-month time point). [45] RF is an 

ensemble learning algorithm that combines the individual predictions of a collection of 

individual learners (decision trees) to predict a target class. Each decision tree in the RF 

is trained via bootstrap resampling of the data. The sampling is stratified by the class 

composition of the original data, thus providing tradeoff of true positive and true negative 

rates. RF has several advantages over other classifiers: it can handle high dimensional 

data (e.g., 576 HOG features in our study), including situations where the number of 

features is much larger than the number of cases, in addition to providing intrinsic cross-

validation via an “out-of-bag” estimation of error rate. [45] 

For each combination of feature set, image plane and MRI sequence, we build 

five individual RF binary classifiers, one for each of the five prediction tasks: to 

discriminate each subtype vs. the rest, as well as for 12-month survival status (alive or 

dead at 12-month time point). As the occurrence of the subtypes does not necessarily 

preclude the occurrence of other subtypes, [23, 46] independently assessing the biology 

of the tumor for each molecular subtype is useful. No variable selection was done for 

classifier construction, rather, the classifier was trained over all variables in a feature set 
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(e.g. all 48 SFTA features). The algorithm for building random forest models as well as 

“out-of-bag” validation procedure is summarized as follows [47]: 

1. 500 bootstrap samples (with replacement, of size twice that of the 

minority class) are drawn from the 82 patients. 

2. A binary decision tree classifier is trained on each bootstrap sample. For 

each node of the tree, best split is chosen from √p randomly selected features (‘p’ 

represents the total number of features in the feature set). All the trees are grown until the 

terminal nodes are pure. 

3. Each tree classifier predicts a label for data points not included in the 

bootstrap sample used to create that tree. This held-out data, also referred to as the ‘out-

of-bag’ (OOB) data, is used for estimation of classifier performance. On average, each 

data point (patient) is out-of-bag for one-third of the 500 trees, on which the predictions 

are aggregated by majority voting. The overall performance of the random forest model is 

evaluated based on these OOB predictions.  

We used the "randomForest" package in R to build random forest models. [47] 

2.5. Experiments and Results 

2.5.1. Dataset 

82 patients (26 females, 56 males) with primary GBM, were identified from the 

Cancer Genome Atlas (TCGA). These patients had routine MR imaging which includes 

both post-contrast T1-weighted and T2-weighted fluid-attenuated inversion recovery 
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(FLAIR) MRI images available in their medical records (data obtained from The Cancer 

Image Archive). All MRI images were acquired prior to treatment. All patients received 

standard of care which includes surgical resection followed by concurrent 

chemoradiation. [17] This study was IRB-exempt under the TCGA data use agreement. 

Molecular subtype labels and survival data for these patients were obtained from the 

cBioPortal, a public domain repository of genomic and clinical data from the TCGA 

patient cohort. [48]  

Of the 82 GBM patients, 21 had the classical subtype, 29 had the mesenchymal 

subtype, 12 had the neural subtype, and 20 had the proneural subtype. We also 

dichotomized the overall survival duration data into long survival (Overall Survival> 12 

months, n = 49) and short survival (OS< 12 months, n = 33) categories.  

The MRI sequences used included axial post-contrast T1-weighted (TE/TR = 2.1–

20 ms/4.94-3285.62 ms; slice thickness = 1.4–5 mm; spacing between slices = 0.7–6.5 

mm; matrix size = 256×256 or 512×512; and pixel spacing = 0.47–1.02 mm) and axial 

T2-FLAIR (TE/TR = 14–155 ms/400–36737.38 ms; slice thickness = 2.5–5 mm; spacing 

between slices = 2.5–7.5 mm; matrix size = 256×256 or 512×512; and pixel spacing = 

0.43–1.09 mm). 

2.5.2. Prediction Performance Evaluation 

The performance of the five classifiers was evaluated with receiver operating 

characteristic (ROC) curves. ROC curves show how the false-positive prediction rates 

(FPR) vary with the true-positive prediction rates (TPR), i.e., sensitivity vs. 1-specificity. 

For each of the four molecular subtype classification tasks, we define the patients of that 
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specific subtype as positive cases and the patients of other subtypes as negative cases. For 

classification of 12-month survival status, we define the patients who are alive at 12-

month point as positive cases and those are deceased as negative cases. For each random 

forest model, the FPR and TPR are computed with the following formulas: 

TPR =  
# of True Positive cases

# of actual positive cases
  

FPR =
# False Positive cases

# of actual negative cases
 

 The area under the ROC curve (AUC) quantifies the classification performance 

with a single number. The value of AUC ranges from 0 to 1; a high AUC indicates good 

performance. In addition to the AUC, the p-value of the AUC given by Mann-Whitney U 

test is also used to evaluate the classifier relative to random classification (AUC=0.5). 

[49] These p-values are adjusted for multiple testing using Benjamini-Hochberg 

procedure to assess significance. [50] The intent of the Benjamini-Hochberg procedure is 

to control the false discovery rate (FDR), which in our case is the expected proportion of 

classification performance AUCs that are erroneously called significant. To perform 

Benjamini-Hochberg correction, we first fix a user-defined level 𝛼 and rank the p-values 

in increasing order. Let 𝑀 denote the total number of p-values, 𝑖 denote the rank of the p-

value 𝑝𝑖, and AUCi denote the AUC associated with 𝑝𝑖. Then AUCi is called significant if 

it satisfies the following: 

𝑝𝑖 ≤ 𝑝𝐿 , 𝐿 = max { 𝑗: 𝑝𝑗 <
𝛼 ⋅ 𝑗

𝑀
 } 

This correction with Benjamini-Hochberg procedure has the property FDR ≤ 𝛼. 
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2.5.3. Results 

For each patient, three 2D ROIs (from slices of maximum area in axial, coronal, 

and sagittal planes, respectively) were used for feature extraction. For each tumor ROI, 

we obtained 48 SFTA features, 44 RLM features, 576 HOG features, 256 LBP features, 

and 52 Haralick features.  

As discussed above, we implemented five binary classification tasks (each 

subtype vs. rest, as well as for 12-month survival status) with random forest (RF) 

classifiers. The classification task was performed for each of the four molecular subtypes 

and for 12-month survival status using each of the five texture descriptors. Table 2.1 

summarizes the AUC values of the five texture descriptors for all four subtypes and for 

12-month survival status, with both post-contrast T1-weighted and T2-weighted FLAIR 

modalities across three different anatomic planes (axial, sagittal, and coronal). The lower 

and upper bound of 95% confidence intervals (CI) as well as the p-value of the AUC are 

also noted in Table 2.1. For example, the result in the fifth entry in the first column of 

Table 2.1 refers to the performance of Haralick features derived from the axial slice of 

the post-contrast T1 weighted image to predict the classical subtype. The first number 

0.72 refers to the AUC, the numbers in the parentheses (0.59, 0.82) refer to the lower and 

upper limits of a 95% CI. The last number 0.00 refers to the p-value of the AUC and the 

superscript “ a ” marked on the p-value indicates that the AUC was statistically significant 

after correction for multiple testing (Benjamini & Hochberg with 𝛼 < 0.05). 
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Table 2.1 Area under the ROC curve (AUC) for evaluating the performance of 

classifiers. The performance for classifying each of the four glioblastoma subtypes as 

well as 12-month survival status using five texture feature sets is shown. In each cell the 

four numbers are organized as “AUC value (95% confidence limits), p-value”. Each 

column corresponds to the performance of applying different texture feature sets on 

different scan modalities and anatomic planes. Abbreviations: T1 post, postcontrast T1-

weighted image; T2 FLAIR, T2-weighted fluid-attenuated inversion recovery image; 

SFTA, segmentation-based fractal texture analysis; HOG, histogram of oriented 
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gradients; RLM, run-length matrix; LBP, local binary patterns; HARA, Haralick texture 

features.
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Discovering Molecular Networks 

Underlying MRI Volumetric Features 

3.1. Introduction 

Determining the subtype of GBM patients can help identifying the treatment 

needed for individual patient and potentially extend patient survival. In Chapter 2 we 

show that the texture features derived from MRI scans have predictive value in 

discriminating GBM subtypes. However, the lack of therapeutic tools for GBM is still a 

burden in improving patient outcomes. Currently temozolomide is the only approved 

chemotherapy for GBM. [17] The heterogeneity of GBM tumors constitutes the central 

challenge to understanding GBM tumor biology and the development of novel 

personalized therapeutics for this disease. [51, 52] As radiographic imaging is able to 

characterize the whole tumor body, it provides a holistic way to study GBM 

heterogeneities. 
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Magnetic resonance imaging (MRI) is routinely used for non-invasive assessment 

of GBM. Recent radiogenomic studies have correlated image features extracted from 

MRI scans with both prognostic information [53, 54] and genomic information of GBM. 

[11, 55-58] In particular, these studies show that quantitative assessment of GBM 

subcompartment features, such as necrosis, enhancing tumor, and edema, are good 

correlates with genomic alterations and/or gene expression. [55, 57, 59-61] Tumor-

associated edema identified on fluid-attenuated inversion recovery (FLAIR) MRI scans 

identified specific genomic correlates of cellular invasion in GBM. [12] A radiogenomic 

association map of MRI features, messenger RNA (mRNA) expression, and DNA copy 

number variation identified GBM biomarkers associated with each MRI feature. [62] 

In the above mentioned studies, most genomic correlates are identified 

individually without taking into account the interactions between multiple genes. 

Tumorigenesis is driven by mutations in multiple genes, with a single mutation being 

generally insufficient endow the transformed cell with all traits necessary for its 

unimpeded growth. Current models of tumor development implicate networks of genes 

responsible for resistance to apoptosis, replicative immortality, immune evasion, etc. 

These hallmarks can develop in multiple ways, with different regulatory and signaling 

pathways being de-regulated or co-opted in different tumors (or even within the same 

tumor). [63] Thus, it is necessary to consider molecular interaction networks when 

correlating the genomic information with imaging features. 

The molecular correlates identified by imaging genomic analysis not only can 

provide a better understanding of biology in GBM development, but also can serve as 

potential molecular targets of small molecule compounds in the process of drug 
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discovery. The Connectivity Map [64] database is a database consisting of gene 

expression profiles in human cancer cell lines induced by treatment with small molecule 

perturbagens in varying concentrations and for varying duration. This database identifies 

perturbagens that induce (upregulate) the under-expressed genes and repress 

(downregulate) the overexpressed genes. The identified perturbagens are thus potential 

candidates for modulating disease-associated phenotypes. 

In this study, we aim to relate MRI-derived subcompartment volumes with 

genomics information to identify underlying molecular networks. Further, we 

hypothesize that the disease phenotype-associated molecular networks can be used to 

prioritize potential drug options pertinent to induced gene signatures for potential 

therapeutic strategies in GBM. 

3.2. Methods and Materials 

3.2.1. Dataset 

Genomic information and clinical data for GBM patients were obtained from The 

Cancer Genome Atlas (TCGA). [65] This study is exempt from Institutional Review 

Board approval under a TCGA data use agreement. Imaging data were downloaded from 

the Cancer Imaging Archive [66]. Thirty-eight patients (12 female, mean age 51.67 years; 

26 male, mean age 59.84 years) who had primary GBM and received standard treatment 

(surgical resection followed by concurrent chemoradiation [67]) were included in our 

study. Baseline pre-operative axial MRI scans across four modalities: T1-weighted, 

contrast-enhanced T1-weighted, T2-weighted, and FLAIR, were available for this cohort. 
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Pre-contrast T1-weighted scans were acquired with TE = 6.36–15 ms, TR = 

416.7–3256.32 ms, slice thickness = 3–5 mm, spacing between slices = 3–6.5 mm, matrix 

size = 256×256 or 512×512, and pixel spacing = 0.43–0.86 mm. Post-contrast T1-

weighted scans were acquired with TE = 6.36–20 ms, TR = 416.664-3256.24 ms, slice 

thickness = 2.5–5 mm, spacing between slices = 2.5–6.5 mm, matrix size = 256×256 or 

512×512; pixel spacing = 0.43–0.86 mm. T2-weighted scans were acquired with TE = 

20–110.32 ms, TR = 3000–5780.36 ms, slice thickness = 1.5–5 mm, spacing between 

slices = 1.5–7.5 mm, matrix size = 256×256 or 512×512, and pixel spacing = 0.43–1.02 

mm. FLAIR scans were acquired with TE = 120.3–155 ms, TR = 9002–10004 ms, slice 

thickness = 2.5–5 mm, spacing between slices = 2.5–6.5 mm, matrix size = 256×256 or 

512×512, and pixel spacing = 0.43–0.94 mm. 

3.2.2. Automated Tumor Segmentation in MRI 

MRI scans were segmented automatically by Brain Tumor Image Analysis 

(BraTumIA) software (http://www.nitrc.org/projects/bratumia/). [68] The software first 

performed skull-stripping on each of the four modalities. This was done by first 

registering a brain atlas image to a patient image. The resulting affine transformation 

matrix was then applied to the brain mask of the atlas to generate the initial brain mask 

for the patient image. Finally the brain mask was refined by a level-set method. [69] The 

images were co-registered using standard rigid registration by optimizing mutual 

information. [26] 

To segment the skull-stripped and co-registered images into tumor 

subcompartments, voxel-based classification was followed by spatial regularization. [26] 
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For classification, a total of 256 features were extracted voxel-by-voxel. These 256 

features consisted of intensities, first-order textures, location features, symmetry features, 

and statistics on intensity gradients. Based on the 256 features of a voxel, random forest 

classification provided a probabilistic label posterior for the voxel, i.e., one of seven 

compartments: three brain tissue compartments (cerebrospinal fluid, white matter, gray 

matter) and four pathologic (tumor) tissue subcompartments (non-enhancing tumor, 

enhancing tumor, necrosis, and edema). Spatial regularization was formulated as an 

energy minimization problem, with the energy as the sum of two terms. The first term 

depends on the label posterior of the individual voxels, generated from the classification 

stage. The second energy term accounts for the information in the neighborhood of a 

voxel. This term penalizes different labels of neighboring voxels, controls smoothness 

based on local intensity variation, and imposes prior knowledge of tissue adjacency (e.g., 

low probability of adjacency between necrosis and healthy tissue). A tumor segmentation 

mask can be obtained by optimizing the summed energy term. The volumes of each 

subcompartment were computed according to the tumor mask. [68]   

The volumes of the four pathologic subcompartments were divided by the total 

volume of the brain for normalization to determine the proportions of each 

subcompartment (i.e., proportion of edema, proportion of necrosis, etc.). The normalized 

volumes of the four tumor subcompartments were used in subsequent survival and 

pathway analyses. Figure 3.1 illustrates the steps to get a tumor mask and the 

corresponding normalized compartment volumes. 
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Figure 3.1 Getting volumetrics data from raw MRI scans.  

Firstly four sequences of MRI scans (T1, post-contrast T1, T2, and FLAIR) are obtained. 

Then automatic tumor segmentation is performed using BraTumIA software. Based on 

the segmentation, the volumes of four tumor subcompartments (necrosis, non-enhancing 

tumor, enhancing tumor, and edema) are computed. 

3.2.3. Determination of Cutpoints on Tumor Subcompartment Volumetrics 

Using survival data from the 38 patients, we estimated a cutpoint on each 

subcompartment volume (as described in the previous subsection) using the K-Adaptive 

Partitioning Scheme (KAPS) [70], yielding two (cutpoint-defined) groups for each 

subcompartment. The cutpoint for each subcompartment was defined as the volume value 

that divided the patients into two groups with significantly different overall survival 

duration. The statistical significance of the survival difference between each two 

cutpoint-defined groups was estimated by the log-rank test. 
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3.2.4. Identification of Gene Networks using Context-Specific Subnetwork 

Discovery 

To discover indications of specific oncogenic or de-regulated gene networks, the 

Context-Specific Subnetwork Discovery (COSSY) algorithm [71] to determine gene 

subnetworks that are altered in the induced survival groups for each subcompartment. 

The COSSY analysis was performed for each subcompartment individually.  

Molecular networks (from human signaling pathways in the Kyoto Encyclopedia 

of Genes and Genomes [KEGG]) were partitioned into molecular interaction subnetworks 

(MISs) using the online implementation of the COSSY analysis, iCOSSY 

(http://icossy.korea.ac.kr/). An MIS defines a community in the network consisting of 

only closely interacting molecular nodes. To extract the MISs from a network, COSSY 

first built a dendrogram using a hierarchical agglomerative algorithm. [72] The 

dendrogram was recursively split from the top until the derived communities were of 

appropriate size (less than 15 nodes). Finally, the nodes in the smaller communities (less 

than 5 nodes) were merged into the closest communities. [71] 

For each MIS, the gene expression data for all 38 patients were clustered on the 

basis of differential gene expression, and an entropy score was computed for each MIS. 

The entropy score is low when a cluster contained mostly one phenotype of samples and 

high when the cluster contained an equal number of positive and negative samples. 

Finally, the MISs were sorted by their entropy scores, and the top five MISs were 

recorded for further analysis.  
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3.2.5. Pathway Identification using IPA 

The genes in the iCOSSY-identified MISs for each subcompartment volume were 

subjected to Ingenuity Pathway Analysis (IPA) (http://www.ingenuity.com) to identify 

biological pathways relevant to each of GBM subcompartments, molecular interactions 

and biologically functional pathways for specified genes. Within IPA, the Ingenuity 

Knowledge Base (Genes Only) was used to look for experimentally observed 

interactions. For each of the four tumor subcompartments, we recorded the top canonical 

pathways with the lowest p-values identified by IPA.  

3.2.6. Identification of Perturbagens using Connectivity Map  

The Connectivity Map (http://www.broadinstitute.org/cmap/) database was 

queried to find perturbagens with reference gene-expression profiles similar to the 

queried profile. The reference profile of a perturbagen is a rank-ordered list of genes 

based on its induced differential expression. For each tumor subcompartment, the query 

signature consisted of genes from the corresponding MISs (identified via COSSY). The 

genes in the query signature are divided into two groups based on whether it should be 

up-regulated (under-expressed in the low survival group) or down-regulated (over-

expressed in the low survival group). Comparing the query signature and the reference 

profile, the similarity measure “connectivity score,” ranging from +1 to -1, was computed 

on the basis of a nonparametric, rank-based Kolmogorov-Smirnov statistical method. [64, 

73] A positive connectivity score means under-expressed query genes tend to appear near 

the top of reference rank list and down-regulated query genes near the bottom, and vice 

versa for a negative connectivity score. 
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3.3. Results 

3.3.1. Tumor Subcompartment Volumes Stratify OS in a Statistically Significant 

Manner 

KAPS revealed that the four tumor subcompartments stratify overall survival. For 

all the four tumor subcompartments, the overall survival of the two groups defined by cut 

point in the subcompartment volumes were significantly different (Figure 3.2). The cut 

points for necrosis, non-enhancing, enhancing, and edema subcompartments were 

0.0635%, 0.168%, 3.25%, and 8.5% of the total brain volume, respectively. For the non-

enhancing tumor, enhancing tumor, and edema subcompartments, the short-term survival 

group had larger volumes and the long-term survival group had smaller volumes (p = 

0.02, p = 0.0025, and p = 0.0194, respectively). Conversely, for the necrosis 

subcompartment, the short-term survival group had smaller volumes and the long-term 

survival group had larger volumes (p = 0.0399). 

 

Figure 3.2 The Kaplan-Meier survival curves demonstrating that different tumor 

compartment volumes stratify survivals.  

In all the four graphs, red dotted lines (G2) are the groups with smaller volumes in that 

specific radiologically defined tumor compartment (necrotic, non-enhancing, enhancing, 

or edema). 
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3.3.2. MIS Extracted by COSSY Algorithm Contains Closely Interacting 

Molecular Nodes 

From the TCGA gene expression data and the phenotype labels generated by 

survival-based cutpoint estimation, the COSSY algorithm extracted 20 MISs that 

correspond to the subcompartment–based survival groups, 5 for each subcompartment 

(Table 3.1). Figure 3a shows one of the five MISs differentiate high volume vs. low 

volume of enhancing tumor (Figure 3.3a). There are 13 genes in this MIS: RASA1, 

NCK2, ABL1; the ephrin-B receptor tyrosine kinases ligand family EFNB1-3; the EphB 

receptor tyrosine kinase transmembrane glycoproteins EPHB1,2,3,4,6; WAS, and WASL. 

The other genes, RASA1, NCK2, ABL1, WAS, and WASL also belong to the ephrin 

signaling pathway, which is known to be involved in GBM development. An MIS that 

differentiates the volume of non-enhancing tumor has 13 genes: EFNA1-5 and EPHA1-8 

(Figure 3.3b).  

An MIS that differentiates high volume vs. low volume of edema is also obtained. 

This MIS contains 10 genes PPP2R3C, PPP2R2A, PPP2R5A, PPP2R5B, PPP2R5D, 

AKT1, MTCP1, PPP1R3F, BCL2L1, and TBC1D4 (Figure 3.3c). Another MIS 

differentiates high vs. low volume of necrosis (Figure 3.3d), and includes 21 genes 

mostly comprising elements of the Notch signaling pathway: NCSTN, APH1A, APH1B, 

PSENEN, NUMB, NUMBL, JAG1,2, NOTCH1, LFNG, MFNG, RFNG, DLL1,3 and 4, 

MIR326, DTX2, DTX3L, DTX1,3, and 4.  
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Figure 3.3 Molecular interaction subnetworks associated with enhancing tumor volume–

derived survival groups. (a), (b), (c), and (d) are examples showing the MISs identified 

by the iCOSSY algorithm that differentiate volume of enhancing tumor, non-enhancing 

tumor, edema, and necrosis, respectively. The red molecules were over-expressed and the 

green were down-regulated in the short-term survival groups. 
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Table 3.1-a 

MISs associated with edema 

MIS1 
GCK, PDX1, ONECUT1, NEUROD1, NKX2-2, PAX6, NEUROG3, 

HHEX, MNX1, FOXA2, HNF1B, NR5A2, NKX6-1, IAPP, PAX4 

  

MIS2 
PPP2R3C, PPP2R2A, PPP2R5A, PPP2R5B, PPP2R5D, AKT1, MTCP1, 

PPP1R3F, BCL2L1, TBC1D4 

  

MIS3 
PLCG1, PLCG2, PRKCA, PRKD1, TEC, ICAM1, SH3BP2, MIR30B, 

MIR30C1, MIR30C2, MIR101-1, MIR101-2, SH2D2A, EZH2 

  

MIS4 
PGM1, PGM2, HK1, HK3, HKDC1, SORD, KHK, PHPT1, MPI, 

GNPDA1, GNPDA2, AMDHD2, GFPT1, GFPT2, GNPNAT1 

  
MIS5 CHMP1B, VPS4A, VPS4B, CHMP5, CHMP2B, CHMP2A, VTA1 

 

Table 3.1-b 

MISs associated with enhancing tumor 

MIS1 

PABPC4L, PABPC5, PABPC1, PABPC1L2B, PABPC3, PABPC1L, 

PABPC4, MSI2, DAZAP1, MSI1, PAN2, TOB1, TOB2, BTG3, BTG4, 

BTG1, BTG2, PAN3, CNOT7, CNOT8 

  

MIS2 

PRKDC, TP53, TNFRSF10B, BBC3, TP73, RCHY1, MIR223, RPRM, 

GTSE1, PIDD, PMAIP1, EI24, TP53I3, SHISA5, PERP, ZMAT3, BAI1, 

CD82, DDB2, SESN3, SESN1, SESN2, STEAP3, RFWD2, CCNG1, 

PPM1D, TBPL2, TBP, TBPL1 

  

MIS3 
PGM1, PGM2, HK1, HK3, HKDC1, SORD, KHK, PHPT1, MPI, 

GNPDA1, GNPDA2, AMDHD2, GFPT1, GFPT2, GNPNAT1 

  

MIS4 
RASA1, NCK2, ABL1, EFNB1, EFNB2, EFNB3, EPHB1, EPHB2, 

EPHB3, EPHB4, EPHB6, WAS, WASL 

  

MIS5 
ACTG1, FLNB, FLNC, PARVB, PARVG, MYH15, ARPC3, ARPC1A, 

ARPC5L, RDX, DMD, TMSB4X, TMSB4Y 
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Table 3.1-c 

MISs associated with necrosis 

MIS1 

PDE1A, ADK, GMPS, DCK, TAS1R2, GNAT3, TAS1R3, TAS1R1, 

TAS2R39, TAS2R40, TAS2R41, TAS2R43, TAS2R31, TAS2R46, 

TAS2R30, TAS2R19, TAS2R20, TAS2R50, TAS2R60, TAS2R42, 

TAS2R3, TAS2R4, TAS2R16, TAS2R1, TAS2R9, TAS2R8, TAS2R7, 

TAS2R13, TAS2R10, TAS2R14, TAS2R5, TAS2R38 

  
MIS2 BLM, RMI1, RMI2, TOP3A, TOP3B, RPA4, RPA1, RPA2, RPA3 

  
 

 

MIS3 
PRKAG2, RHEB, DDIT4, TSC2, RRAGB, RRAGA, RRAGD, RRAGC, 

RPTOR, TSC1 

  

MIS4 

GNAL, OR5I1, OR52J3, OR52R1, OR4X2, OR5P2, OR8I2, OR2D2, 

OR56A4, OR2AP1, OR4K14, OR6P1, OR10Z1, OR6K6, OR9A4, OR9A2, 

OR13C8, OR1N2, OR1N1, OR52I2, OR6B3, OR56B4, OR5D14, OR8H1, 

OR5R1, OR5AR1, OR10S1, OR9Q1, OR9Q2, OR5A2, OR5A1, OR4D11, 

OR6C74, OR1L4, OR1A2, OR2K2, OR10J1, OR11A1, OR10H3, 

OR10H2, OR10H1, OR7C1, OR4F3, OR4D1, OR2V1, OR2H1, OR4C12, 

OR8D1, OR8D2, OR10A4, OR4N4, OR10H5, OR2L13, OR14A16, 

OR52L1, OR6S1, OR1J1, OR52A5, OR51M1, OR51Q1, OR52D1, 

OR52N4, OR10A6, OR5W2, OR5T1, OR8K1, OR4D10, OR10V1, 

OR6X1, OR6C76, OR4K2, OR4K17, OR5AU1, OR2M7, OR2G6, 

OR2A25, OR13C2, OR1L6, OR2A5, OR51A4, OR2A42, OR2T27, 

OR6C68, OR4F21, OR5B3, OR4Q3, OR10J3, OR13G1, OR2B3, OR2C1, 

OR8U9, OR51B4, OR4K1, OR11H1, OR4F17, OR4K15, OR8J3, OR51G2, 

OR10W1, OR2G2, OR1A1, OR1E2 

  

MIS5 

NCSTN, APH1A, APH1B, PSENEN, NUMB, NUMBL, JAG1, JAG2, 

NOTCH1, LFNG, MFNG, RFNG, DLL3, DLL1, DLL4, MIR326, DTX2, 

DTX3L, DTX1, DTX3, DTX4 
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Table 3.1-d  

MISs associated with non-enhancing tumor 

MIS1 
ALDH1A3, HAL, CNDP2, CARNS1, HDC, CNDP1, GAD1, GAD2, 

WBSCR22, METTL6, HEMK1, METTL2B 

  

MIS2 
CCL5, CCL3L3, CCL3, CCL4L2, CCL4, IL8, CCR9, CCR1, IRF5, EGR1, 

U2AF1 

  

MIS3 
NAGK, RENBP, HEXA, HEXB, CHIT1, CHIA, GNS, NAGA, A4GALT, 

B3GALNT1, GBGT1 

  

MIS4 
IL4, IFNG, IL5, IL13, TBX21, GATA3, MAF, NOS2, PSME3, PSME1, 

PSME2 

  

MIS5 
EFNA1, EFNA2, EFNA3, EFNA4, EFNA5, EPHA2, EPHA1, EPHA3, 

EPHA4, EPHA5, EPHA7, EPHA8, EPHA6 

Table 3.1. The 20 MISs generated by COSSY algorithm, 5 for each tumor 

subcompartment.  

3.3.3. Ingenuity Pathway Analysis Identifies Phenotype Related Pathways 

Containing MIS genes 

Using IPA, biological pathways represented by the genes in the MISs found by 

the COSSY algorithm were identified. For each subcompartment, the top five canonical 

pathways that contribute to the differences in the phenotype were identified based on the 

p-values computed within IPA (Table 3.2). MIS genes associated with edema were 

implicated with NOS/ROS production in macrophages, p70S6K signaling, and UDP-N-

acetyl-D-galactosamine biosynthesis. MIS genes associated with enhancing tumor were 

implicated with p53 signaling, integrin, axonal guidance, and ephrin receptor signaling, 

as well as actin nucleation by ARP-WASP. Necrosis was implicated with nucleotide 

excision repair, cell cycle control of chromosomal replication, amyloid processing, and 
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Notch signaling. Non-enhancing tumor volume was associated with 

hypercytokinemia/hyperchemokinemia, axonal guidance signaling, communication 

between innate and adaptive immune cells, and ephrin receptor signaling. 

Tumor 

Subcompartment 
Top Canonical Pathways Found by IPA 

  

Edema 

Maturity onset diabetes of young (MODY) signaling 

GDP-glucose biosynthesis 

Production of nitric oxide and reactive oxygen species in 

macrophages 

p70S6K signaling 

UDP-N-acetyl-D-galactosamine biosynthesis II 
  

  

Enhancing 

p53 signaling 

Actin nucleation by ARP-WASP complex 

Integrin signaling 

Axonal guidance signaling 

Ephrin receptor signaling 
  

  

Necrosis 

Nucleotide excision repair pathway 

Cell cycle control of chromosomal replication 

Amyloid processing 

Notch signaling 

Gustation pathway 
  

  

Non-enhancing 

Hypercytokinemia/hyperchemokinemia in the pathogenesis of 

influenza 

Axonal guidance signaling 

Communication between innate and adaptive immune cells 

Ephrin receptor signaling 

Ephrin A signaling 

Table 3.2 Top canonical pathways identified by IPA based on tumor subcompartment 

volumes. The pathways shown in italics have already been confirmed as biologically 

relevant to glioblastoma by previous studies.  
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3.3.4. Connectivity Map Identifies Perturbagens Reversing Phenotype 

Associated Molecular signatures 

Table 3.3 shows the perturbagens with high connectivity scores for reversing the 

gene expression profiles of the subcompartment-defined short-term survival groups. For 

each subcompartment, the perturbagens with the ten highest connectivity scores are 

listed. These are the perturbagens that most strongly induce the under-expressed genes 

and also repress the overexpressed genes. The perturbagens that have been studied as 

candidates for GBM treatment are indicated in italic type. 
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Edema  Necrosis 

     

Molecule Name Score  Molecule Name Score 

     

arachidonyltrifluoromethane 1  H-89 1 

mycophenolic acid 0.998  metergoline 0.997 

bromocriptine 0.915  adrenosterone 0.994 

dantrolene 0.9  mitoxantrone 0.99 

procyclidine 0.895  cyclopenthiazide 0.977 

ergocalciferol 0.888  clemizole 0.974 

sirolimus 0.874  mebendazole 0.964 

citiolone 0.867  cyclizine 0.952 

bephenium hydroxynaphthoate 0.866  metampicillin 0.944 

amoxapine 0.858  clomipramine 0.944 

     

     

Enhancing  Non-enhancing 

     

Molecule Name Score  Molecule Name Score 

     

irinotecan 1  raloxifene 1 

hydralazine 0.988  sirolimus 0.854 

benserazide 0.973  tribenoside 0.848 

cefotaxime 0.97  haloperidol 0.819 

metanephrine 0.94  alpha-yohimbine 0.807 

Prestwick-682 0.934  tamoxifen 0.794 

antazoline 0.929  wortmannin 0.787 

nafcillin 0.916  genistein 0.776 

anisomycin 0.916  sulfacetamide 0.769 

lithocholic acid 0.915  loperamide 0.769 

Table 3.3 Top perturbagens identified by Connectivity Map for each tumor 

subcompartment. The Connectivity Map analysis was based on the upregulation and 

downregulation of genes in the molecular interaction subnetworks that differentiated high 

volumes and low volumes in the four tumor subcompartments. The perturbagens shown 

in italics have been studied as potential treatments for GBM. 
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Identifying Molecular Programs 

Underlying Features of Whole Slide 

Tissue Images in Glioblastoma 

4.1. Introduction 

Although MRI is used for non-invasive diagnosis and assessment of GBM, its 

resolution limited the investigation of tumor microscopic structures. Instead, the Whole 

Slide Tissue Images (WSI) from biopsy or surgery can provide detailed information 

regarding the growth of tumor. In WSIs, GBM is characterized by the presence of two 

main hallmarks: pseudopalisading necrosis and microvascular proliferation (MVP)  [74]. 

Pseudopalisading necrosis is the areas of clear zone of necrotizing cells surrounded by 

accumulated tumor cells [75]. Necrosis forms due to the hypoxia caused by the lack of 

blood supply when tumor grows too fast. Cells in the hypoxia area cannot survive, thus 

forming an empty zone which surround by tumor cells. MVP is the proliferation of 

enlarged blood vessels in the tissue, typically in regions adjacent to necrosis. [75] MVP is 

developed as a result of increased demand of blood by tumor cells.  The blood vessel in 
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MVP region form multiple endothelial layers. An illustration of necrosis and MVP is in 

Figure 4.2(a) and Figure 4.2(e). 

In WSI the image features used are mainly morphometric features of nuclei. The 

statistics of the morphometric features are shown to be predictive of GBM molecular 

subtypes [76, 77] and correlate with oligodendrocyte gene expression signature. [78] 

Features from manual annotation on WSI were less used, as a full annotation of WSI is 

too time consuming and subject to inter- and intra- observer variations. [79] An attempt 

to use a feature set based on manually annotated necrosis and angiogenesis found it 

highly correlated with the expression of mesenchymal master regulators. [80] 

In this study, we aim to first compute quantitative measures on the extent of GBM 

necrosis and MVP from whole slide tissue images, with a fully automatic method 

developed in previous work by our group. [81] We hypothesize that the image-derived 

features are correlated with biological pathway activities that are relevant to the 

development of glioblastoma. 

4.2. Materials and Methods 

4.2.1. Whole Slide Tissue Image Data 

We identified 158 patients (62 females and 96 males) with primary GBM from 

the The Cancer Genome Atlas (TCGA). The median diagnosis age of the patients is 58 

yr. This study was IRB-exempt under TCGA data use agreement. For these patients, 346 

diagnostic whole slide tissue images (WSI) as well as clinical data were obtained directly 

from TCGA. 
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4.2.2. Pathway Activity Data 

The PAthway Recognition Algorithm using Data Integration on Genomic Models 

(PARADIGM) algorithm [82] can infer pathway activities levels by modeling the curated 

pathway interactions of genes. For the 158 patients we identified, we obtained pathway 

activity data generated by PARADIGM pathway analysis of the mRNA expression and 

copy number. [83] This dataset contains 677 abstract processes entities covering of 116 

pathways that are in the NCI Pathway Interaction Database collection. For each abstract 

process, the dataset has a score representing the Inferred Pathway Activity (IPA). 

4.2.3. Extracting Image Tiles and Removing Artifact 

Algorithm for the extraction of necrosis and MVP were developed by us in prior 

work [81]. Because of the memory limits and the artifacts of the data, we first extracted 

small patches from the whole slide tissue images. At 0.5μm resolution, we generated 

image tiles of size 3000×3000 pixels with a stride size of 1500 pixels (50% overlapping). 

As we need to count the whole tissue area, we did a full tiling instead of random tiling 

described in previous work. [81] For each extracted tile, we estimated the proportion of 

artifacts (glass, pen marks, and tissue folds) by comparing the brightness and color 

histograms. We discarded the tiles with 30% or more area that is considered as artifacts. 

The tiling and artifact removal process is shown in Figure 1. We denote the total number 

of tiles in a whole slide image as 𝑇 and the area of each tile as 𝐴0
𝑡  (=  9×106 pixels), 

where 𝑡 = 1, 2, ⋯ , 𝑇. 
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Figure 4.1 Tiling and artifacts removal of a whole slide image. (a): Original whole slide 

image. The grid size is 3000×3000 pixels. The stride size (overlapping between tiles) is 

1500 pixels; (b), (c), and (d): Tiles kept for further analysis containing microcellular 

proliferation, necrosis, or normal tumor region, respectively. (e), (f), and (g): Tiles to be 

discarded because of too much glass or pen marks. 

4.2.4. Segmenting Microvascular Proliferation  

On the extracted the tiles after artifacts removal, we applied the MVP 

segmentation algorithm described in our prior work [81] to estimate the MVP area 

proportion in each tile. A brief summary of the algorithm is as follows: 1) perform 

adaptive thresholding of the image followed by morphological transformation to identify 

candidate MVP regions; 2) filter the image by mean and median filter several times, and 

detect local minima in the resulting intensity map; 3) discard the candidate MVP regions 

which does not contain local minima; 4) extract geometric properties (areas, diameters, 
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major/minor axes) of the remaining candidate regions and validate these properties 

through a decision tree (based on domain knowledge of clinicians) to determine whether 

to confirm the candidate regions as MVP or discard them. These steps are illustrated in 

Figure 2. We sum up the total number of pixels in the confirmed regions as the MVP area 

of the tile and denote as A𝑀
𝑡 , 𝑡 = 1, 2, ⋯ , 𝑇. 
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Figure 4.2 Segmentation process for MVP: a) a zoomed-in area showing MVP; b) 

candidate MVP region after thresholding and morphological transformations; c) filtered 

intensity maps and local minima; d) segmented MVP region after decision tree. 

Segmentation process for necrosis: e) a zoomed-in area showing necrosis; f) binary image 

of segmented cells; g) cell-count profile of the region; h) segmented necrosis region after 

decision tree. 

4.2.5. Segmenting Necrosis  

We also segmented the necrosis using the algorithm described in the previous 

paper [81]. The algorithm for necrosis segmentation has these major steps: 1) perform 

cell segmentation by intensity thresholding and morphological filtering; 2) create cell-
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count profile by counting number of cells in small windows in the tile; 3) apply threshold 

to the cell-count profile and keep the regions with local minima as candidate necrosis 

regions; 4) use a decision tree (based on domain knowledge) on several properties (area, 

number of cells in center region, and number of cells in surrounding region) of candidate 

necrosis region to confirm if it is necrotic. This process is also summarized in Figure 2. 

Again, the total number of pixels in confirmed necrotic regions is used as the necrotic 

area of the tile and denote as A𝑁
𝑡 , 𝑡 = 1, 2, ⋯ , 𝑇. 

4.2.6. Correlating MVP and Necrosis Proportions with Pathway Activities 

Using the area terms defined previously, MVP proportion is computed as: 

𝑃𝑀𝑉𝑃 =  
∑ 𝐴𝑀

𝑡𝑇
𝑡=1

∑ 𝐴0
𝑡𝑇

𝑡=1

 

And similarly, necrosis proportion is computed as: 

𝑃𝑁𝑒𝑐𝑟𝑜𝑠𝑖𝑠 =
∑ 𝐴𝑀

𝑡𝑇
𝑡=1

∑ 𝐴0
𝑡𝑇

𝑡=1

 

Then Spearman correlation coefficients between the 677 IPAs and the above 

feature proportions are then computed. The corresponding p-values were used to assess 

the significance of the correlation. The significance testing were corrected by Benjamini-

Hochberg method with a false discovery rate of 0.25. All the calculations are performed 

in MATLAB (MathWorks, Natick, MA). 
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4.3. Results 

4.3.1. Distribution of the MVP and necrosis proportions 

By analyzing the whole slide images we are able to compute 𝑃𝑁𝑒𝑐𝑟𝑜𝑠𝑖𝑠 and 𝑃𝑀𝑉𝑃 

for each patient. From all the 158 patients, the detected max, median, and min MVP 

proportions are 50.3%, 9.08%, and 0.0811%, respectively. The detected max, median, 

and min necrosis proportions are 59.1%, 13.9%, and 0.39%, respectively. For about 60% 

of the cases, their MVP or proportions are less than 10%. The histogram of the MVP 

proportions is shown in Figure 4.3(a) and the histogram of necrosis proportions is shown 

in Figure 4.3(b).

 

Figure 4.3 Distributions of MVP and necrosis proportion among patients. 

  

(a) (b) 
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4.3.2. MVP and Necrosis Proportions are correlated with Abstract Processes of 

Different Pathways 

We computed the Spearman correlation between both MVP and necrosis 

proportions and the 677 PARADIGM entities activation values. After Benjamini-

Hochberg correction at a false discovery rate of 0.25, 25 abstract process activities in 7 

pathways are significantly correlated with necrosis proportions, while 21 abstract process 

activities in 5 pathways are significantly correlated with MVP proportions. The abstract 

processes and corresponding pathways, as well as their correlation coefficients, are listed 

in Table 4.1 and Table 4.2.  
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Pathway Abstract Process 
Correlation 
Coefficient 

VEGFR1 specific signals  

 VEGFR1 homodimer 0.216 

 endothelial cell proliferation -0.212 

Class I PI3K signaling events mediated by Akt   

  JNK cascade 0.248 

Insulin-mediated glucose transport  
  Insulin responsive Vesicles 0.206 

BARD1 signaling events  

 protein ubiquitination 0.252 

 mRNA polyadenylation -0.219 

Signaling events mediated by HDAC Class II   

  nuclear import -0.225 

Glypican 1 network   

 fibroblast growth factor receptor signaling pathway 0.241 

 cell growth 0.241 

  neuron differentiation 0.221 

PLK1 signaling events  

 chromosome segregation -0.270 

 regulation of centriole-centriole cohesion 0.265 

 positive regulation of microtubule depolymerization -0.247 

 microtubule cytoskeleton organization -0.241 

 spindle stabilization -0.238 

 G2 phase of mitotic cell cycle -0.236 

 spindle elongation -0.232 

 regulation of mitotic centrosome separation -0.232 

 Golgi organization -0.232 

 C13orf34 -0.232 

 interphase -0.231 

 mitosis -0.226 

 spindle assembly -0.226 

 metaphase plate congression -0.211 

 ubiquitin-dependent protein catabolic process 0.287 

   

Table 4.1 Pathways that have abstract processes significantly correlated with necrosis 

proportions. 
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Pathway Abstract Process 
Correlation 
Coefficient 

Regulation of p38-alpha and p38-beta  
  response to insulin stimulus 0.207 

Signaling events mediated by HDAC Class II  
  nuclear import -0.206 

Glypican 1 network   

 fibroblast growth factor receptor signaling pathway 0.283 

 cell growth 0.283 

  neuron differentiation 0.257 

Arf1 pathway   

 actin filament polymerization -0.216 

  EntrezGene:1313 -0.209 

PLK1 signaling events  

 chromosome segregation -0.314 

 mitosis -0.304 

 positive regulation of microtubule depolymerization -0.284 

 interphase -0.281 

 G2 phase of mitotic cell cycle -0.280 

 spindle elongation -0.271 

 regulation of mitotic centrosome separation -0.271 

 Golgi organization -0.271 

 C13orf34 -0.270 

 spindle stabilization -0.270 

 spindle assembly -0.264 

 metaphase plate congression -0.261 

 microtubule cytoskeleton organization -0.240 

 regulation of centriole-centriole cohesion 0.226 

Table 4.2 Pathways that have abstract processes significantly correlated with MVP 

proportions. 
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Discussion and Future Directions 

5.1. Performance of Predicting GBM Subtypes 

Texture features are capable of characterizing gray-level heterogeneity in the 

images. As a first attempt to understand what specific aspects of gray-level tumor 

heterogeneity in MRI scans are relevant to GBM molecular subtype, we evaluated five 

texture feature types for their ability to discriminate molecular subtype and 12-month OS 

status. Our results show that tumor derived texture features were predictive of 12-month 

survival status and molecular subtypes. With the appropriate combination of texture 

feature set, image plane (axial, coronal, or sagittal) and MRI sequence, the area under 

ROC curve (AUC) values for predicting different molecular subtypes and 12-month 

survival status are: 0.72 for classical (with Haralick features on T1 post-contrast axial 

scan), 0.70 for mesenchymal (with HOG features on T2 FLAIR axial scan), 0.75 for 

neural (with RLM features on T2 FLAIR axial scan), 0.82 for proneural (with SFTA 
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features on T1 post-contrast coronal scan), and 0.69 for 12-month survival status (with 

SFTA features on T1 post-contrast coronal scan). No single image feature type gave the 

universally best performance in discriminating all four molecular subtypes or for 

predicting 12-month survival status, suggesting that different feature characteristics are 

relevant to different prediction tasks. Specific investigation into the biological correlates 

of such predictive texture features (within contrast enhancing or non-enhancing, 

infiltrating regions of the tumor) could yield insights into the underlying tumor biology 

and is a subject of future study. Such investigation is now feasible given the availability 

of companion genomics and proteomics data underlying large-scale efforts such as the 

Cancer Genome Atlas (TCGA). 

Overall, SFTA gave the best performance in terms of AUC averaged across all 

four molecular subtypes, two imaging modalities, and three image-planes. The average 

AUC was 0.61. SFTA is especially good in discriminating proneural cases with post-

contrast T1-weighted images in coronal and sagittal plane, with AUCs of 0.78 and 0.82, 

respectively.   

For post-contrast T1-weighted and T2-weighted FLAIR scans of GBM, the 

variation in intensities within the tumor suggest different tumor subcompartments (for 

example, necrosis has lower intensities in postcontrast T1-weighted images and edema 

has higher intensities in T2-weighted FLAIR image). Thus the binary maps generated by 

the thresholding step in SFTA are likely to capture the boundaries between different 

tumor compartments. By computing the fractal dimension, SFTA can describe the 

complexity of the boundaries, which may be related to subtype status. 
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The other texture descriptors have different advantages. HOG is the only 

descriptor that effectively could predict the mesenchymal subtype (on an axial T2-

weighted FLAIR scan). As with most descriptors that are based on gradient, HOG 

emphasizes the object’s overall shape in addition to the texture features. Haralick texture 

features had the best performance in predicting the classical subtype, with an average 

AUC of 0.62. LBP was able to discriminate the neural and proneural subtypes in axial 

T1-weighted contrast, which makes LBP useful when only axial postcontrast T1-

weighted scans are available. These results indicates that combining different texture 

features might have predictive value for non-invasive characterization of molecular 

status. 

Most texture features performed well in classifying the neural subtype, with an 

average AUC of 0.64. However, the texture descriptors perform relatively poorly 

(average AUC 0.56) for discriminating the mesenchymal subtype.  

Our results also suggest that image features derived from non-axial scans (coronal 

and sagittal) have predictive value for molecular characterization. Figure 4 show that 

when predicting subtypes, SFTA is better with sagittal scans (average AUC = 0.63) and 

coronal scans (average AUC = 0.61) than with axial scans (average AUC = 0.60). 

Though these differences are not appreciable and likely due to random variation, a deeper 

examination of the systematic differences in performance due to different image planes is 

essential to validate these findings. This variation in predictive value with image plane 

also suggests an investigation of 3D tumor texture features for these prediction tasks and 

their value relative to 2D texture features alone. The comparison of 2D vs. 3D texture 
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features is also necessary to assess and quantify the trade-off between computation 

efficiency and loss of information between 2D and 3D image texture characterizations.  

Although SFTA features were mostly predictive regardless of the orientation of 

the slice (coronal, sagittal, or axial), the average AUCs of the LBP and Haralick features 

from the sagittal and coronal scans were substantially lower than the AUC from the axial 

scan. The lower AUCs from the non-axial planes is likely an artifact of the redundancy 

introduced (from the interpolation procedure) during the reslicing process. The 

computation of Haralick and LBP features both involve a step that compares each pixel’s 

gray level with those of its immediate neighbors. This step can capture subtle intensity 

variations in the axial scan, but is confounded by information loss in the sagittal and 

coronal planes, thereby explaining the low AUCs. These results suggest that a systematic 

evaluation of these feature sets in a controlled validation cohort (with isotropic pixel 

resolution) is required to appropriately characterize the predictive value of texture 

features across different image planes. 

5.2. Biological Relevance of the MRI traits 

The results in Chapter 3 indicate that the four radiologically defined tumor 

compartments stratify survival, and the MISs identified that differentiate phenotypes 

defined by tumor volumetrics belong to pathways that are biologically relevant to GBM. 

Further, some of the small molecule perturbagens identified by tumor compartment 

stratified survival are confirmed to have clinical potential in GBM.  
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The MISs identified differentiating phenotypes defined by tumor volumetrics 

belong to pathways that are biologically relevant to GBM. Further, some of the small 

molecule perturbagens identified by our analysis of tumor subcompartment–stratified 

survival duration have clinical potential in GBM [84-91]. One MIS (Figure 3c) includes 

several genes which encode regulatory subunits of protein phosphatase 2A (PP2A): PP2A 

is an important serine threonine kinase that controls cell growth and division and 

enhances GBM tumor stem cell survival under hypoxic environment. [92] The PP2A 

regulator genes as well as some other genes in this MIS are mostly associated with 

P70S6K signaling pathway. 

Of the 19 pathways identified by IPA, seven were have known functions in GBM. 

One of these, the p70S6K signaling pathway, is one of the five top pathways that 

differentially activated in large versus small GBM edema volumes. Stimulation of surface 

receptor tyrosine kinases by ligands such as EGF and IGF [93], as well as mechanical 

stimulation [94] can induce phosphorylation cascades which activate ribosomal S6K. 

Elevated S6 kinase activity results in increased protein synthesis and cell survival. [95, 

96] One might speculate that physiological responses to edema might activate stress 

signaling resulting in S6K pathway activation. The activation of p70S6K can inhibit 

autophagic cell death in GBM [97] and studies exploring treatment possibilities of 

inhibiting p70S6K are already underway. [84, 98, 99]  

IPA implicated that ephrin receptor canonical pathways differentiate large and 

small non-enhancing tumor volumes. Membrane-bound ephrin receptor tyrosine kinases 

facilitate direct cell-cell signaling (juxtacrine signaling) important in the developmental 
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processes of the central nervous system [100-102] and have known involvement in GBM. 

[103-107] The binding of the ephrin-B ligands and the receptors plays a role in the 

development of nervous system and blood vessels. [108] The activation of EphA2 

receptor by ephrin-A1 ligand can suppress tumor proliferation and migration. [103] In 

GBM, the low level of ephrin-A1 leads to the lack of activation of EphA2 receptor, and 

results in overexpression. [107] EphrinA5, a member of the ephrin A subclass of the 

ephrin family, is under-expressed in GBM. EphrinA5 can suppress GBM tumor growth 

by downregulating EGFR, suggesting a possible approach for treatment. [106]  

p53 signaling, integrin signaling, and the above-mentioned ephrin receptor 

signaling have known roles in GBM progression and are altered between large and small 

enhancing tumor volumes. The p53 transcription factor plays a central role in the cellular 

stress response and is important in regulating cell cycle arrest, apoptosis and senescence. 

[109] Inactivation of the p53 pathway permits uncontrolled tumor cell division [110] and 

mutation of TP53 locus is common in primary GBM. [111] Integrin signaling regulates 

cell adhesion, migration and invasion in multiple biological contexts, including GBM. 

[112] Recent studies have also shown that abnormal integrin signaling can interfere with 

p53 signaling and enhance resistance to treatment with temozolomide. [113]  

The amyloid processing pathway and Notch signaling differentiate large and 

small necrosis volumes and have known known functions in GBM pathobiology. The 

amyloid β protein inhibits cell proliferation in human GBM U87 cells. [114, 115] The 

Notch signaling pathway is frequently deregulated in GBM, and inhibition of this 

pathway suppresses cell growth and induces differentiation. [116] Also, the Notch 
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pathway can link angiogenesis with GBM stem cell self-renewal. [117] Though the 

relationships between several of these pathways and GBM have not been demonstrated 

hitherto, this data mining approach creates multiple hypotheses about phenotype-

associated gene signatures that underlie GBM behavior.  

The perturbagens we identified via Connectivity Map are of interest as well. 

Sirolimus (rapamycin) is the one of the top 10 perturbagens for edema volume–associated 

genes. Sirolimus induces autophagy by inhibiting growth signaling by mTOR. Sirolimus 

has been shown to reduce tumor cell proliferation and to enhance cell death in primary 

GBM cell lines in vitro and to double survival time in a GBM xenograft model. [118] 

Several clinical trials have been conducted to test the effectiveness of sirolimus in 

combination with receptor tyrosine kinase inhibitors. [84-86] 

H-89, mitoxantrone, and mebendazole are clinically relevant perturbagens that 

can possibly reverse necrosis volume–associated genes. H-89 is a protein kinase A 

inhibitor which suppresses EGFRvIII-induced tumor cell growth and migration in human 

GBM cell lines. [87, 88] Mitoxantrone is an intercalating agent which induces DNA 

double-strand breaks and is effective in breast cancer and non-Hodgkin lymphoma. [119] 

Other studies have shown that local delivery of mitoxantrone through a surgically created 

cavity can prolong survival of patients with recurrent GBM. [120, 121] Mebendazole, an 

antiparasitic drug, has been shown to be effective in a mouse GBM tumor model and in 

two preclinical models. [122, 123] Irinotecan and anisomycin are two perturbagens 

identified as potentially reversing expression of genes associated with enhancing tumor 

volume. Phase II trials have been conducted of irinotecan in combination with other 
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chemicals for patients with primary or recurrent GBM. [89, 90] Anisomycin can 

downregulate the PP2A catalytic subunit and induce cell death in human GBM cell lines 

[124] and sensitizes GBM cells to death receptor–induced apoptosis. [91] 

We identified three perturbagens, including sirolimus, tamoxifen, and genistein, 

as potentially reversing non-enhancing tumor volume–associated genes. Sirolimus was 

also identified for the edema volume–associated genes. High-dose tamoxifen has gone 

through a Phase II trial for the treatment of GBM. [125] Genistein has been proven to 

inhibit cell growth, proliferation, and angiogenesis in human GBM cell lines. [126, 127] 

The eight clinically relevant perturbagens demonstrate the effectiveness of our approach 

to identifying perturbagens via analysis of tumor compartments and associated gene 

expression. This suggests that the other perturbagens identified in Table 2 could be 

potential candidates for GBM treatment, at least for initial in vitro assessment.  

5.3. Pathways Correlating with Features derived from WSIs 

In Chapter 4, we have identified nine pathways that are correlated with MVP and 

necrosis proportions. Five of the nine pathways have been shown to have impact on 

GBM development.  

Vascular endothelial growth factors (VEGFs) and their receptors are among the 

most important regulators of angiogenesis. [128] The additional expression of VEGFs is 

one of the reasons for the structurally and functionally abnormality of tumor vasculature 

in GBM. Thus, VEGF have been a main target for treating GBM in multiple studies and 

clinical trials. [129-131]  
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Pathways involving Phosphoinositide 3-kinase (PI3K) complex is a link between 

growth factors and cell functions such as proliferation, differentiation, and apoptosis. 

Activated PI3K generates signals that are involved in increased cell growth and division. 

[132] Increased activation of PI3K pathway is observed in most of the GBM cases by 

other studies. [111, 133]  

ADP ribosylation factor (ARF) is one of the tumor suppressor proteins. Typically, 

ARF pathway is inactivated or mutated in glioblastoma tumors. [134] The deletion of the 

locus involving ARF is a key event in GBM development. [135]  

Polo-like kinase 1 (PLK1) is involved in many key cell functions, including 

mitotic entry, cell cycle progression and cytokinesis. [136] In GBM tumors, PLK1 level 

is elevated compared to normal tissue. [137]  The inhibition of PLK1 can restricts the 

growth of brain cancer cells. Thus, PLK1 has been researched as are target for GBM 

treatment. [137] 

Regarding the feature extraction, our method relies on the domain expertise of 

clinicians, which means there is subjectivity in the model. The better approach for 

generating the model is to automatically learn the decision parameters from the image, 

rather than manually assign them. However, our method is still the first to 

comprehensively assess the MVP and necrosis in WSIs for the entire image. We have 

shown that this quantitative assessment has value in revealing the tumor biology.  
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5.4. Potential Future Directions 

Clinical utility requires the classifiers to have strong sensitivity and specificity 

characteristics. The most practical sensitivity-specificity combination should be 

determined by the specific application scenario. These measures demonstrate how the 

classifier tradeoff between sensitivity and specificity, while the AUCs characterize the 

classifier’s overall performance. 

We also note that other factors, such as MR hardware (coil pattern) and scanning 

parameters (TE, TR, etc.), will also have a direct impact on the image intensity 

histogram. A future texture analysis study controlling these factors will lead to potential 

ways of improving prediction performance.  

Some of these texture features can be generalized to compute on the irregular 

shaped ROIs instead of the current rectangular ones. The classification performance with 

irregular shaped ROIs can be different and is worth inspecting. It also remains to be 

determined how the variation in inter-rater tumor segmentation affects the prediction 

performance of texture features. A detailed study that examines this variation across 

multiple human segmentations is an essential next step. 

When identifying the molecular networks underlying GBM tumor volumetrics, 

we do not have enough samples to validate our results separately. An essential next step 

is to perform the analysis on a validation cohort with matched clinical characteristics and 

corresponding gene expresion data, so that the survival cutoffs and the molecular 

programs underlying them can be validated.  
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We note that in our image dataset, the MRI acquisition protocols vary between 

patients because the TCIA data is multi-site. This may affect the accuracy of the 

automatic tumor segmentation and volumetrics results given by BraTumIA. A detailed 

study on a controlled patient cohort is essential to determine how the MRI acquisition 

protocol affect the tumor subcompartment volumes determined from the scans. 

For the WSI images, we were advised to manually exclude the patients that are 

heavily overstained and understained, as the staining will affect the results. A more 

robust staining correction method needs to be developed.  

In the feature extraction process of WSI images we study uses the clinically 

established features (MVP and necrosis) in the images. However, there can be 

information from the WSI images that are not previously captured by human eyes. Recent 

developments in the field of Deep Learning can offer some promising methods on 

automatically learn features from the images.  
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Conclusions 

In the project described in Chapter 2, we evaluated the performance of different 

texture features for predicting GBM molecular subtypes and 12 month survival status. 

The results show that several texture feature types were predictive of survival and 

molecular subtype. Our results suggest that different combinations of image features, MR 

sequence and image plane are predictive for different tasks.  

In Chapter 3, our study indicate that radiologically-defined tumor compartments 

are correlated with molecular pathways that are biologically relevant to GBM. Further, 

small molecule perturbagens identified by molecular correlates of survival-associated 

tumor subcompartments may have the potential to identify novel therapeutic options in 

GBM. 

In Chapter 4, our study shows that two important clinical hallmarks of GBM – 

MVP and necrosis – can be automatically assessed in a comprehensive manner. This 

assessment can lead to discoveries of key GBM pathways by correlating the features with 

pathway activities.  
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Appendix A 

Formulas for RLM features and Haralick features 

Here we give detailed equations for run-length matrix (RLM) texture features as 

well as Haralick texture features. The 11 RLM features are described in equations 

[A1~A11] and the 13 Haralick texture features are described in equations [A12~A24]. 

For a gray-level run-length matrix 𝑝 where 𝑝(𝑖, 𝑗) indicates the number of runs 

with pixels of gray level 𝑖 and run-length 𝑗. Let 𝑀 be the total number of gray levels, 𝑁 

be the maximum run-length, 𝑛𝑟 be the total number of runs, and 𝑛𝑝 be the total number 

of pixels in the image. The 11 RLM features are defined as follows. 

1. Short Run Emphasis (SRE): 

 

SRE =
1

𝑛𝑟
∑ ∑

𝑝(𝑖, 𝑗)

𝑗2

𝑁

𝑗=1

𝑀

𝑖=1

 (A1) 

SRE emphasize on the distribution of short greylevel runs. The value is large for 

fine texture patterns. 

2. Long Run Emphasis (LRE): 

 

LRE =  
1

𝑛𝑟
∑ ∑ 𝑝(𝑖, 𝑗) ⋅ 𝑗2

𝑁

𝑗=1

𝑀

𝑖=1

 (A2) 

LRE emphasize on the distribution of long greylevel runs. The value is large for 

coarse texture patterns. 
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3. Gray-Level Nonuniformity (GLN): 

 

GLN =  
1

𝑛𝑟
∑ (∑ 𝑝(𝑖, 𝑗)

𝑁

𝑗=1

)

2
𝑀

𝑖=1

 (A3) 

GLN measures the non-uniformity of graylevels in the image.  

4. Run Length Nonuniformity (RLN): 

 

RLN =  
1

𝑛𝑟
∑ (∑ 𝑝(𝑖, 𝑗)

𝑀

𝑖=1

)

2𝑁

𝑗=1

 (A4) 

RLN measures the non-uniformity in the run-lengths.  

5. Run Percentage (RP): 

 RP =
𝑛𝑟

𝑛𝑝
 (A5) 

Run percentage measures the homogeneity of runs. The value is also large for fine 

texture patterns. 

6. Low Gray-Level Run Emphasis (LGRE): 

 

LGRE =  
1

𝑛𝑟
∑ ∑

𝑝(𝑖, 𝑗)

𝑖2

𝑁

𝑗=1

𝑀

𝑖=1

 (A6) 

LGRE emphasize on the low graylevel runs distribution. 

7. High Gray-Level Run Emphasis (HGRE): 
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HGRE =  
1

𝑛𝑟
∑ ∑ 𝑝(𝑖, 𝑗) ⋅ 𝑖2

𝑁

𝑗=1

𝑀

𝑖=1

 (A7) 

HGRE emphasize on the high graylevel runs distribution. 

The following features aim to quantify the joint distribution of run-lengths and 

graylevels. 

8. Short Run Low Gray-Level Emphasis (SRLGE): 

 

SRLGE =  
1

𝑛𝑟
∑ ∑

𝑝(𝑖, 𝑗)

𝑖2 ⋅ 𝑗2

𝑁

𝑗=1

𝑀

𝑖=1

 (A8) 

9. Short Run High Gray-Level Emphasis (SRHGE): 

 

SRHGE =  
1

𝑛𝑟
∑ ∑

𝑝(𝑖, 𝑗) ⋅ 𝑖2

𝑗2

𝑁

𝑗=1

𝑀

𝑖=1

 (A9) 

10. Long Run Low Gray-Level Emphasis (LRLGE): 

 

LRLGE =  
1

𝑛𝑟
∑ ∑

𝑝(𝑖, 𝑗) ⋅ 𝑗2

𝑖2

𝑁

𝑗=1

𝑀

𝑖=1

 (A10) 

11. Long Run High Gray-Level Emphasis (LRHGE): 

 

LRHGE =  
1

𝑛𝑟
∑ ∑ 𝑝(𝑖, 𝑗) ⋅ 𝑖2 ⋅ 𝑗2

𝑁

𝑗=1

𝑀

𝑖=1

 (A11) 
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For computation of Haralick features, we use 𝑝 to indicate the gray-level co-

occurrence matrix (GLCM). 𝑝(𝑖, 𝑗) indicates the (𝑖, 𝑗)th element of the GLCM. We use 𝑚 

and 𝑛 to indicate the number of pixels in the specified dimension.  

The 13 Haralick features are defined as follows: 

1. Angular second moment (ASM): 

 

ASM =  
1

𝑛𝑟
∑ ∑ 𝑝(𝑖, 𝑗)2

𝑁

𝑗=1

𝑁

𝑖=1

 (A12) 

The ASM measures the homogeneity of an image. An image which has fewer 

gray levels generally is more homogeneous and has a higher ASM. 

2. Contrast: 

 

Contrast =  ∑ 𝑘2𝑝𝑥−𝑦(𝑘), 𝑘 = |𝑖 − 𝑗|

𝑁−1

𝑘=0

 (A13) 

Contrast measures the luminance difference presented in an image. 

3. Correlation: 

 

Correlation =
1

𝜎𝑥𝜎𝑦
∑ ∑(𝑖𝑗)𝑝(𝑖, 𝑗) − 𝜇𝑥𝜇𝑦

𝑁

𝑗=1

𝑁

𝑖=1

 (A14) 

Correlation measures the gray-level linear dependence. 

4. Variance: 
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Variance =  ∑ ∑(1 − 𝜇)2𝑝(𝑖, 𝑗)

𝑁

𝑗=1

𝑁

𝑖=1

 (A15) 

Variance measures how the gray levels deviate from the mean value of 𝑝(𝑖, 𝑗). 

5. Inverse difference moment (IDM): 

 

IDM =  ∑ ∑
1

1 + (𝑖 − 𝑗)2
𝑝(𝑖, 𝑗)

𝑁

𝑗=1

𝑁

𝑖=1

 (A16) 

IDM emphasizes on the locally homogeneous regions and reduces the weight on 

inhomogeneous regions. 

6. Sum Average: 

 

Sum Average =  ∑ 𝑘 ⋅ 𝑝𝑥+𝑦(𝑘)

2𝑁−2

𝑘=0

 (A17) 

Sum average estimates the mean of the sum histogram.  

7. Sum Variance: 

 

Sum Variance =  ∑ (𝑘 − Sum Average)2 ⋅ 𝑝𝑥+𝑦

2𝑁−2

𝑘=0

(𝑘) (A18) 

Sum variance estimates the spread of the sum histogram. 

8. Sum Entropy: 

 

Sum entropy =  − ∑ 𝑝𝑥+𝑦(𝑘) log (𝑝𝑥+𝑦(𝑘))

2𝑁−2

𝑘=0

 (A19) 

Sum entropy quantifies the homogeneity of the sum histogram. 
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9. Entropy: 

 

Entropy =  − ∑ ∑ 𝑝(𝑖, 𝑗) log(𝑝(𝑖, 𝑗))

𝑁

𝑗=1

𝑁

𝑖=1

 (A20) 

Entropy quantifies the homogeneity of the image. Homogeneous images have 

lower entropy values. 

10. Difference Variance: 

 

Difference Variance =  ∑ 𝑝|𝑥−𝑦| (𝑘 − ∑ 𝑙𝑝|𝑥−𝑦|(𝑘)

𝑁−1

𝑖=0

)

2𝑁−1

𝑘=0

 (A21) 

Difference Variance measures the spread of the difference histogram. 

11. Difference entropy: 

 

Difference Entropy =  − ∑ 𝑝|𝑥−𝑦|(𝑘) log (𝑝|𝑥−𝑦|(𝑘))

𝑁−1

𝑘=0

 (A22) 

Difference entropy measures the homogeneity of the difference histogram. 

12. Cluster Shade: 

 

Cluster shade =  ∑ ∑(𝑖 + 𝑗 − 𝜇𝑥 − 𝜇𝑦)
3

𝑝(𝑖, 𝑗)

𝑁

𝑗=1

𝑁

𝑖=1

 (A23) 

13. Cluster Prominence: 

 

Cluster Prominence =  ∑ ∑(𝑖 + 𝑗 − 𝜇𝑥 − 𝜇𝑦)
4

𝑝(𝑖, 𝑗)

𝑁

𝑗=1

𝑁

𝑖=1

 (A24) 
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Cluster shade and cluster prominence both measure the skewness, or lack of 

symmetry, of the image.
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