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Multi-Platform Molecular Data Integration and Disease Outcome 

Analysis 

Ibrahim Mohamed Youssef 

ABSTRACT 

 

One of the most common measures of clinical outcomes is the survival time. Accurately linking 

cancer molecular profiling with survival outcome advances clinical management of cancer. 

However, existing survival analysis relies intensively on statistical evidence from a single level of 

data, without paying much attention to the integration of interacting multi-level data and the 

underlying biology. Advances in genomic techniques provide unprecedented power of 

characterizing the cancer tissue in a more complete manner than before, opening the opportunity 

of designing biologically informed and integrative approaches for survival analysis. Many cancer 

tissues have been profiled for gene expression levels and genomic variants (such as copy number 

alterations, sequence mutations, DNA methylation, and histone modification). However, it is not 

clear how to integrate the gene expression and genetic variants to achieve a better prediction and 

understanding of the cancer survival. 

To address this challenge, we propose two approaches for data integration in order to both 

biologically and statistically boost the features selection process for proper detection of the true 

predictive players of survival. The first approach is data-driven yet biologically informed. 

Consistent with the biological hierarchy from DNA to RNA, we prioritize each survival-relevant 

feature with two separate scores, predictive and mechanistic. With mRNA expression levels in 

concern, predictive features are those mRNAs whose variation in expression levels are associated 

with the survival outcome, and mechanistic features are those mRNAs whose variation in 

expression levels are associated with genomic variants (copy number alterations (CNAs) in this 

study). Further, we propose simultaneously integrating information from both the predictive model 

and the mechanistic model through our new approach GEMPS (Gene Expression as a Mediator 

for Predicting Survival). Applied on two cancer types (ovarian and glioblastoma multiforme), our 

method achieved better prediction power than peer methods. Gene set enrichment analysis 
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confirms that the genes utilized for the final survival analysis are biologically important and 

relevant. 

The second approach is a generic mathematical framework to biologically regularize the 

Cox’s proportional hazards model that is widely used in survival analysis. We propose a penalty 

function that both links the mechanistic model to the clinical model and reflects the biological 

downstream regulatory effect of the genomic variants on the mRNA expression levels of the target 

genes. Fast and efficient optimization principles like the coordinate descent and majorization-

minimization are adopted in the inference process of the coefficients of the Cox model predictors. 

Through this model, we develop the regulator-target gene relationship to a new one: regulator-

target-outcome relationship of a disease. Assessed via a simulation study and analysis of two real 

cancer data sets, the proposed method showed better performance in terms of selecting the true 

predictors and achieving better survival prediction. The proposed method gives insightful and 

meaningful interpretability to the selected model due to the biological linking of the mechanistic 

model and the clinical model. 

Other important forms of clinical outcomes are monitoring angiogenesis (formation of new 

blood vessels necessary for tumor to nourish itself and sustain its existence) and assessing 

therapeutic response. This can be done through dynamic imaging, in which a series of images at 

different time instances are acquired for a specific tumor site after injection of a contrast agent. 

Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) is a noninvasive tool to 

examine tumor vasculature patterns based on accumulation and washout of the contrast agent. 

DCE-MRI gives indication about tumor vasculature permeability, which in turn indicates the 

tumor angiogenic activity. Observing this activity over time can reflect the tumor drug 

responsiveness and efficacy of the treatment plan. However, due to the limited resolution of the 

imaging scanners, a partial-volume effect (PVE) problem occurs, which is the result of signals 

from two or more tissues combining together to produce a single image concentration value within 

a pixel, with the effect of inaccurate estimation to the values of the pharmacokinetic parameters. 

A multi-tissue compartmental modeling (CM) technique supported by convex analysis of mixtures 

is used to mitigate the PVE by clustering pixels and constructing a simplex whose vertices are of 

a single compartment type. CAM uses the identified pure-volume pixels to estimate the kinetics 

of the tissues under investigation. We propose an enhanced version of CAM-CM to identify pure-
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volume pixels more accurately. This includes the consideration of the neighborhood effect on each 

pixel and the use of a barycentric coordinate system to identify more pure-volume pixels and to 

test those identified by CAM-CM. Tested on simulated DCE-MRI data, the enhanced CAM-CM 

achieved better performance in terms of accuracy and reproducibility. 
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Multi-Platform Molecular Data Integration and Disease Outcome 

Analysis 

Ibrahim Mohamed Youssef 

GENERAL AUDIENCE ABSTRACT 

Disease outcome can refer to an event, state, condition, or behavior for some aspect of a 

patient’s health status. Event can express survival, while behavior can assess drug efficacy and 

treatment responsiveness. To gain deeper and, hence, better understanding about diseases, 

symptoms inspection has been shifted from the physical symptoms appearing externally on the 

human body to internal symptoms that require invasive and noninvasive techniques to find out and 

quantify them. These internal symptoms can be further divided into phenotypic and genotypic 

symptoms. Examples of phenotypes can include shape, structure, and volume of a specific human 

body organ or tissue. Examples of genotypes can be the dosage of the genetic information and the 

activity of genes, where genes are responsible for identifying the function of the cells constituting 

tissues. 

Linking disease phenotypes and genotypes to disease outcomes is of great importance to 

widen the understanding of disease mechanisms and progression. In this dissertation, we propose 

novel computational techniques to integrate data generated from different platforms, where each 

data type addresses one aspect of the disease internal symptoms, to provide wider picture and 

deeper understanding about a disease. We use imaging and genomic data with applications in 

ovarian, glioblastoma multiforme, and breast cancers to test the proposed techniques. These 

techniques aim to provide outcomes that are statistically significant, as what current peer methods 

do, beside biological insights, which current peer methods lack.
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Chapter 1 - Introduction 

 

 

1.1. Background and Motivation 

Disease outcome can refer to an event, state, condition, or behavior for some aspect of a 

patient’s health status. Event can express survival, while behavior can assess drug efficacy and 

treatment responsiveness (Mak, et al., 2016; Walton, et al., 2015). One or more outcomes can be 

used to assess the health status of a patient. Generally, survival analysis is a collection of statistical 

procedures for data analysis for which the outcome variable of interest is time until an event occurs 

(Mittal, et al., 2014). Time can be measured in years, months, weeks, or days from the beginning 

of some follow-up period until an event occurs. Regarding event, it can be death, disease incidence, 

marriage, or any event of interest that may happen to a subject (Kleinbaum and Klein, 2005). For 

example, if the event of interest is death, then the survival time can be the time in months since a 

subject was diagnosed with a disease until that subjects passes away. In survival analysis, the time 

variable is usually referred to as survival time; because it gives the time that an individual has 

“survived” over some follow-up period. In addition, the event is typically referred to as a failure, 

because the event of interest usually is death, disease incidence, or some other negative individual 

experience. 

Accurate estimation of patient prognosis is important for many reasons. Prognostic 

estimates can be used to inform the patient about likely outcomes of his/her disease. The physician 

can use these estimates of prognosis as a guide for ordering additional tests, selecting appropriate 

therapies, and being able to identify responders from non-responders to these therapies and provide 

alternative therapies to the non-responders at early stages of treatment (Powell, et al., 2014). Also, 

survival analysis could be useful in the evaluation of new technologies and drugs, where the 

prognostic estimates derived both with and without using the results of a given test can be 

compared to measure the incremental prognostic information provided by that test over what is 

provided by prior information. This may help pharmaceutical companies to test and develop new 



2 

 

drugs and to set the appropriate drug dosage (Nikas, et al., 2011).Moreover, prognostic models can 

benefit the new era of personalized medicine through health planning, treatment strategies, and 

drugs customized to the individual patient rather than being chosen based on their average effect 

on broader population cohorts (Braun, et al., 2013). 

In addition, survival analysis has become a measure to the economic situations of patients 

and their political rights in having optimum health care (Coleman, 2014; Tucker-Seeley, et al., 

2015).Population-based cancer survival is used recently as a key measure of the overall 

effectiveness of health systems in management of cancer by identifying differences in cancer 

survival between countries, between regions within a country, or between populations defined by 

racial, ethnic group, or socioeconomic status. A hospital-based study conducted in USA on patients 

diagnosed with cancer in the period between 1998 and 2004 showed that patients who were 

uninsured or those who were from an ethnic minority were twice as likely to develop advanced 

diseases as were insured patients or those from an ethnic majority. 

Regarding the survival covariates, they can take different forms of data. Covariates can be 

demographic data such as age, gender, and race; clinical data like tumor grade, tumor stage, and 

recurrence status; imaging data as location and morphological descriptors; or genomic data with 

examples of gene expression levels, sequencing mutations, and copy number alterations. 

Although clinical and demographic predictors if used alone might have a prognositc value, 

they are inaccurate for prediction and insufficient for elucidating the underlying pathological 

disese mechanisms (Bovelstad, et al., 2009).It is still the molecular data, especially the large-scale 

profiles of genes activity (gene expression) produced by modern profiling technology, that have 

the ability to characterize tumors in terms of behavior, progression, and recurrence(Yoshihara, et 

al., 2010). 

Gene expression profiles are the most used genomic data in survival analysis such as in the 

study by (Yoshihara, et al., 2010) where they used a prognostic index based on an 88-gene 

expression profile and they showed that this index is highly correlated with the overal survival 

time.MicroRNAs (miRNAs) are short non-coding RNAs that play important roles in post-

transcriptional regulations by regulating gene expression after the genes are transcibed. One 

miRNA can regulate multiple genes. miRNAs are also involvled in various biological processes, 
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such as cell development, proliferation, differentiation and apoptosis (Zhao, et al., 2015). A 4-

miRNA signature was identified and used to predict tumor relapse and survival in triple-negative 

breast cancer patients (Kleivi Sahlberg, et al., 2015). 

DNA sequencing mutations were also tested against survival, where (Braun, et al., 2013) 

discovered three genomic loci with single nueclotide polymorphisms (SNPs) that correlated with 

stage-adjusted survival. These loci are located close to genes previously reported to have possible 

relationhip with response to platinum and taxol used in treatments. 

DNA structural variations, especially the copy number alterations (CNAs) were 

investigated for a regression relationship with survival. CNAs are defined as segments of DNA 

that is 1 kb or larger each and are present at a variable copy number in comparison with a reference 

genome. Classes of CNVs include insertions, deletions and duplications (Feuk, et al., 2006). In the 

study by (Engler, et al., 2012), they used genome-wide copy number alterations (CNAs) to define 

subgroups of high-grade serous ovarian carcinomas that differ with respect to prognosis and 

overall survival. They identified 8 genomic regions that are distinctly different among tow clusters 

of subgroups. These regions harbor potential oncogenes and tumor suppressor genes that are likely 

to be involved in the pathogenesis of ovarian carcinoma. 

Although all of the above studies shed light on new discoveries about the survival 

biomarkers and tumor progression, they were limited to a single type of molecular data. Motivated 

by tackling this limitation, many studies(Lee, et al., 2012; Seoane, et al., 2014; Yuan, et al., 2014; 

Zhao, et al., 2015) utilized more than one data type with the postulate that using multiple types of 

data profiled from a given sample can increase understanding of the underlying mechanisms 

standing behind tumorigenesis, and that maximizing the information content could lead to 

powerful models for survival prediction (Seoane, et al., 2014). 

Again, these studies have some drawbacks like the multiple data types were considered as 

a simple concatenation of multiple data sets and the model relied heavily on statistical evidence 

only, without resorting to the complex interaction between the different data types and the 

underlying biology. The interaction among these multidimensional data types were treated mostly 

as a black box. 
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A recent and comprehensive study (Zhao, et al., 2015) on building predictive models by 

combining multidimensional genomic measurements reported that combining all or some of the 

clinical and molecular data types together in a model does not guarantee the best performance, as 

having more variables may result in less reliable model estimation, and, subsequently, an 

inaccurate prediction. They also reported that models based on mRNA expression levels gave the 

best prediction results and rationalize this by stating that features measured at the transcription 

level (mRNA expression) have direct effects on the outcomes of a disease, such as cancer survival, 

more than those features measured at the DNA/epigentic level (CNAs, and DNA methylation), 

because the latter features affect cancer phenotypes by influencing mRNA. This last point 

highlights a hierarchical structure between the different genomic data types that should be taken 

into consideration for new studies on survival analysis. 

A new trend in survival analysis is not only integrating clinical and genomic data, but also 

integrating imaging features of the same cancer profiled for genomic data (Gutman, et al., 2013; 

Mazurowski, et al., 2013; Wang, et al., 2013). Imaging data give a precise view about the structure 

of the tumor cells, while molecular data are more concerned about function of the cells. The 

outcome of these results is promising as they report an increase in survival prediction and report 

the ability of identifying survival associated imaging features and genomic correlated imaging 

feature, which opens the door to consider either genomic or imaging data sufficient for 

characterizing both the structure and the function of tumor cells without the need to have both 

types of data. 

A key problem in survival analyses is the time censoring. Censoring happens when 

information on time to outcome event is not available for all study participants, which means that 

we only know some information about the individual survival time, but not the survival time 

exactly, and in this case, the participant with this problem is said to be censored. This happens due 

to either loss to follow-up or non-occurrence of outcome event before the trial end. In this case, 

survival time is described to be right censored (Prinja, et al., 2010). Left censoring is also possible 

if the participant had been on event risk of a disease for a period before entering the study. 

However, left censoring is usually not a big deal in clinical trials, since the trial starting point is 

defined by an event such as entry of patient in the trial. 
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Cox proportional hazards model (PHM) (Cox, 1972) is a widely used regression model in 

survival analysis, because of its simple semi-parametric approach in handling clinical survivals 

characterized by having censored data(Zou, et al., 2015).Until recently, survival analysis 

applications have been limited to the classical regression case where the number of observations 

could be in a few hundreds, while the number of predictors does not exceed a dozen. However, 

with the advent of the recent advances in data acquisition techniques and the ease of access to 

resources with high computational power, increased interest in analyzing data with potentially 

hundreds of thousands of variables has been encouraged (Yang and Zou, 2013). This imposes new 

challenges that require developing new statistical and computational methods and tools for 

usefully dealing with such huge sources of information for the sake of survival analysis, especially 

in the area of features selection. 

Other important forms of tumors outcomes are related to tumor behavior such as 

monitoring tumor angiogenesis and its vasculature permeability, and assessing drug efficacy and 

treatment effectiveness (Mehrabian, et al., 2013; O'Connor, et al., 2012). Unlike survival analysis, 

which is usually done using genomic profiles for patients with little usage of imaging profiles, 

tumor behavior is usually done using imaging data, especially dynamic imaging. A tumor site-

specific contrast agent is injected and its pattern of accumulation and washout is depicted by 

acquiring a series of images for the tumor over different instances of time relative to the injection 

time of the contrast agent (before and after injection). Quantitative measures are estimated from 

these molecular dynamic imaging data to reflect the angiogenic activity in response to given drug 

or a treatment plan. 

There is substantial evidence that tumors are heterogeneous, not only on the genetic level, 

but also on the histopathological level as well (Davnall, et al., 2012). Deep sequencing has revealed 

the presence of intratumor genetic/epigenetic heterogeneity in many cancer types (Gerlinger, et 

al., 2012; Shibata, 2012). Noticeable phenotypic variability has been discovered as a consequence 

of the above heterogeneity such as variation in the cellularity, induction of angiogenesis, and the 

ability to survive therapy (Kreso, et al., 2013; Marusyk, et al., 2012; Yuan, et al., 2012). 

Specifically addressing angiogenesis, advanced breast tumors depict angiogenesis heterogeneity, 

where active angiogenesis usually take place at the peripheral ring of the tumor leaving the inner 

core usually with hypoxia. In addition, a more heterogeneous tumor is more likely to fail therapy 
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due to increased drug-resistant variants. DCE-MRI is a noninvasive tool to quantify tumor 

vasculature based on contrast accumulation and washout patterns. 

However, due to the discrete nature and finite bandwidth of image acquisition systems, a 

partial-volume effect (PVE) problem occurs, which is the result of signals from two or more tissues 

combining together to produce a single image concentration value within a pixel/voxel (Gutierrez, 

et al., 2007; Kim, et al., 2012), with the effect of inaccurate estimation to the values of the 

pharmacokinetic parameters (Mehrabian, et al., 2013). 

In (Li, et al., 2009), PVE hindered the accurate segmentation in the brain MRI images. The 

authors proposed an unsupervised algorithm by developing a fuzzy Markov Random Field (MRF) 

model. Medical images behave fuzziness duo to PVE artifacts, so they use the fuzzy-set theory to 

compute the membership values that represent partial volume proportions of each pure tissue. 

However, the conventional fuzzy segmentation fails to associate the spatial information of the 

image leading to aberrant consequences in the case of dealing with low signal-to-noise ratio (SNR) 

MR images. On the other hand, the MRF segmentation has been successfully applied to this issue 

in the presence of noise by taking into account a priori knowledge of the spatial correlations of the 

image using Gibbs distribution and maximum a posteriori (MAP). But, there are still problems 

associated with MRF, such as the difficulty in dealing with fuzzy characteristics of images. This 

study attempts to introduce the notion of fuzzy membership to the conventional MRF model, and 

therefore forms a Fuzzy Markov random field (FMRF) model.  

In (Figueiras, et al., 2009), the authors developed a Mutual Multi-resolution Approach 

(MMA) to overcome the PVE. The high frequency information of an anatomical image (MRI in 

this study) is introduced into the functional image (PET image) in order to achieve a higher 

resolution functional image and to decrease PVE. However, the anatomical details (high frequency 

MRI wavelet coefficients) cannot be directly replaced into the functional image since they do not  

have  the  same  spatial  resolution  neither  the  same  wavelet coefficient intensities. The process 

relies on a wavelet-based image merging, and aims at detecting, modifying, and incorporating 

high-resolution details of the MRI into the PET. The algorithm was implemented based on the 

decomposition of two co-registered PET and MR images using a three-dimensional Discrete 

Wavelet Transform (3D DWT) and on both wavelet coefficient energies. Although this study 
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showed some encouraging results, but the MMA  method has its own limitations, since an optimal 

co-registration between the functional and the anatomical images is mandatory, and sometimes it 

is difficult to achieve because of patient physiological motion as well as patient uncontrollable 

movement during image acquisitions. 

In (Gallivanone, et al., 2011), the authors developed a method to correct PVE regionally, 

for each lesion separately by computing some PET/CT combined value metrics. This approach has 

some advantages like not needing to estimate the actual lesion volume, which means no need for 

image segmentation or registration. However, the disadvantages include the need for joint use of 

multimodality images (PET and CT), the need for a different image analysis for each lesion, and 

being valid only for spherical and homogenous lesions. 

In summary, the above techniques have a number of limitations. The need for 

multimodality images to jointly analyze images such as in the case of incorporating anatomical 

and functional images (MRI and CT). This approach mandates patients to undergo different scans 

and subsequently registration of these different images, which in most cases result in inaccurate 

analysis due to the different resolution of each imaging modality and due to the infeasible perfect 

registration. In addition, some techniques are so specific to their experiment parameters and 

circumstances and lack generic solution due to being a database-dependent or a modality image 

scanner-dependent. Results are not reproducible and can have high variability if only the database 

was changed, while the imaging modality was kept constant in the different datasets. Thus, the 

need for an approach to mitigate the PVE problem with the favorite characteristics of generality, 

theoretical identifiability, demand of a single modality images, and biological, insightful reasoning 

is apparently demanded.  

A multi compartmental modeling technique based on convex analysis of mixtures (CAM-

CM) (Seoane, et al.) (Chen, et al., 2011) has been proposed to mitigate the PVE problem, in which 

the kinetics in each pixel is expressed as a nonnegative mixture of the cofounding tissues 

(compartments) within a tumor site or in a certain region of interest (ROI). Figure 4. 2 illustrates 

the main concept of the CAM-CM technique. CAM-CM clusters pixels into a finite set of groups 

distributed within a simplex, with the simplex corners (vertices) being occupied by pure-volume 

pixels (pixels of just one tissue type that are PVE-free). Then, CAM-CM technique identifies these 
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pure-volume pixels, estimates the kinetic parameters values from these pixels, ignores the pixels 

residing inside the simplex, and considers them as contaminated pixels with the PVE. The type of 

the simplex and hence the number of its vertices is determined based on the number of pure-volume 

compartments in the region under investigation.  

Deeper analysis of CAM-CM performance showed that it does not identify all the pure-

volume pixels, and roughly speaking, its performance goes in either direction of these two ones 

based on the level of noise in the images: 

 At low noise levels, CAM-CM gets a smaller number of pixels- sometimes just one pixel- 

of each tissue type and defines them as pure-volume pixels. This means that there are many 

other pure-volume pixels defined as pixels with PVE. 

 At high noise levels, CAM-CM gets a larger number of pixels- sometimes larger than the 

number of all the ground-truth pure-volume pixels- and defines them as pure-volume 

pixels. This means that a number of pixels with PVE are mistakenly defined as pure-

volume pixels, and also there may be some missed pure-volume pixels. 

 

1.2. Proposed Approaches 

Lacking a biologically inspired technique to integrate the different multidimensional 

genomic data considered in a model used for survival analysis, we propose two approaches to fill 

in this gap; in the heart of them is the gene expression phenotypes (mRNA levels). We distinguish 

between two models: clinical and mechanistic. The clinical model concerns about the regression 

between the disease outcome (death) and the mRNAs predictors. The regulatory relationship 

between the genomic variants and the mRNA features is the main concern of the mechanistic 

model. Both approaches utilize information obtained from the mechanistic model to help the 

clinical model select the appropriate features for survival prediction. The main objectives of our 

proposed work are listed in the next points: 
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1. Proposing methods to perform features selection for the different potential predictors of 

survival. The core principle of these techniques is to incorporate the biological domain in 

the selection process instead of relying only on the power of the statistical inference. 

2. Integrating more than one genomic data type through a biologically insightful mechanism 

that benefits from the causal effect a regulator might have on a target gene. 

3. Linking the mechanistic model to the clinical model simultaneously in the step of features 

selection in a way that reflects the causal effect relationship between the genomic variants 

and the gene expression phenotypes, and eventually on the disease outcome. 

The first proposed technique is a simple, data-driven approach with one tuning parameter 

and the second technique follows a mathematically principled framework for regularizing the 

Cox’s proportional hazards model. 

 

1.2.1. GEMPS: Biologically inspired survival analysis based on integrating gene expression 

as mediator with genomic variants 

GEMPS stands for gene expression as a mediator for predicting survival. It is a data-driven, 

biologically inspired technique. Predicting survival is done through gene expression features 

(mRNAs) that are selected based on regulatory information of the variants. GEMPS assigns two 

scores, predictive and mechanistic, to each gene.Then, GEMPS unifies these two scores into one 

to prioritize the genes. This technique is a simple one with easy to interpret parameters and a single 

tunning parameter. 

1.2.2. Regularizing the Cox’s Proportional Hazards Model by Integrating the Mechanistic 

Model with the Clinical Model 

We formulate our objectives as an optimization problem with 1L  and 2L  penalty terms to 

regularize the Cox’s PHM. This algorithm was derived using fast and efficient optimization 
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principles for the inference and the features selection step. These principles are the coordinate 

descent (Gerlinger, et al.) and the majorization-minimization (MM). CD converts the optimization 

problem into a series of simpler optimization problems that are solved iteratively, while MM helps 

in finding approximation to the log partial likelihood function and conferring it a closed-form style. 

1.2.3. Enhancing the Convex Analysis of Mixtures Technique for Estimating DCE-MRI 

Pharmacokinetic Parameters 

In this study, we propose two enhancements over the original CAM-CM technique as an 

attempt to identify the pure-volume pixels precisely. The first enhancement is to incorporate 

problem-domain information by computing the probabilistic memberships of each compartment 

at each pixel taking into account the neighborhood effect around that pixel. The second 

modification is to use the barycentric coordinate system (BCS) to get the contribution of each 

compartment for each pixel confined by the simplex convex hull aiming at minimizing false 

negatives. 

 

1.3. Organization of the Proposal 

In this introductory chapter, we presented the background, motivations, and the proposed 

solutions to the identified problems. Chapter 2 gives more details about the first proposed approach 

for survival analysis, constructing the prioritization score and its two constituting clinical and 

mechanistic scores, and a summary statistic to assess the stratification ability of the selected 

predictors in case of a dataset used through cross validation. In chapter 3, we represent the 

mathematical framework used in solving the optimization problem necessary to regularize the Cox 

PHM alongside the results of applying this technique on two cancer data sets. Chapter 4 addresses 

the proposed enhanced CAM-CM technique for estimating the pharmacokinetic parameters of 

tumor tissues using DCE-MRI data. Chapter 4 concludes the report and gives directions about the 

future research proposals.  
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Chapter 2 - Biologically inspired survival analysis based on 

integrating gene expression as mediator with genomic variants 

 

 

 

2.1. Introduction 

Revealing the relationship between a disease outcome, such as survival, and a patient’s genomic 

profile is a key goal in building clinically useful predictors. For example, a physician could classify 

the patient into a specific risk group and/or select a specific treatment plan that may optimally 

reduce tumor-associated morbidity and mortality and so improve overall outcomes (Huang, et al., 

2011; Powell, et al., 2014; Yu, et al., 2008). 

Cox proportional hazards model (PHM) (Cox, 1972) is a widely used regression model in 

survival analysis, because of its simple semi-parametric approach in handling clinical survivals 

characterized by having censored data. Due to the small sample size in comparison to the large-

scale molecular profiling data accompanying the modern genomic technologies, model 

interpretation and precise survival prediction require some form of dimensionality reduction or 

feature selection. Different methods were proposed in the form of dimensionality reduction 

techniques, such as principal component analysis and its supervised version (Bair, et al., 2006; 

Bair and Tibshirani, 2004); and the partial least squares (Nguyen and Rocke, 2002; Nygard, et al., 

2008; Park, et al., 2002). Methods were also proposed in the form of feature selection techniques, 

like the penalized feature selection methods based on 1L  regularization (Tibshirani, 1996; 

Tibshirani, 1997), and picking up the top features depending on their individual statistical 

significance when regressed against survivals one at a time (Bovelstad, et al., 2007). Types of 

features used as covariates in the Cox model could be clinical (subject’s age and disease stage, 

etc.), genetic (mRNA expression levels and copy number alterations (CNAs)), epigenetic (DNA 

methylation), and proteomic, either being used individually or combinatorially. But Zhao, et al. 

(2015) reports that combining all or some of the clinical and molecular data types together in a 
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model does not guarantee the best performance, as having more variables may result in less reliable 

model estimation, and, subsequently, an inaccurate prediction. Moreover, models based on mRNA 

expression levels and/or clinical covariates gave the best prediction results. Zhao, et al. (2015) 

rationalized that features measured at the transcription level (mRNA expression) have direct 

effects on the outcomes of a disease, such as cancer survival, more than those features measured 

at the DNA/epigenetic level (CNAs, and DNA methylation), because the latter features affect 

cancer phenotypes by influencing mRNA. 

The survival prediction models using the above feature extraction/reduction methods are 

commonly characterized by: (1) having independent variables of a single type of data (often 

mRNA); and (2) when multiple data types are available, they are considered as a simple 

concatenation of variables in a multivariable regression model without paying attention to the 

biological hierarchy from DNA to RNA where the RNA transcripts mediate the effects caused by 

the presence of genomic variants at the DNA level to the disease outcome. These models rely 

heavily on statistical evidence only, without resorting to the complex interaction between different 

data types and the underlying biology. For example, Figure 2. 1 shows the regression coefficients 

of the significant predictors (genes) coming out from a univariate Cox model. For the same degree 

of the statistical significance (p_value = 0.0014), there are two coefficients; one is with a high 

value of 1.28 and a hazard ratio of 1.28 3.59e  , which gives an increase of the event (death) risk 

by 259% over another subject that does not have that event. The second coefficient has a lower 

value of 0.28 and a hazard ratio of 0.28 1.32e  , which gives an increase of the event risk by 32%. 

This could mean that at the same statistical significance level, the clinical effect might be 

dramatically different, which suggests the need for incorporating more information from the 

biology domain in picking up those features to be used in survival analysis instead of depending 

merely on the power of the statistical inference. 

There are very few studies trying to model the interaction among different types of data for 

survival analysis, such as integrating mRNA expressions and microRNA profiles using 

hierarchical Bayesian relevance vector machines (Srivastava, et al., 2013), and integrating gene 

expressions, CNAs, and a set of clinical measurements using a multiple kernel learning support 

vector machine technique (Seoane, et al., 2014). However, the consideration of interaction between 

data types behaves like a black box through the non-linear kernel function. To the best of our 
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knowledge, only the study by (Wang, et al., 2013) considered the regulatory relationship between 

different data types. However, they used a Bayesian approach with numerous assumptions and 

intensive computations to estimate the large number of parameters and priors of their proposed 

hierarchical model. In additon, they integrated gene expression and methylation, while our study 

focuses on the integration of gene expression and somatic copy number alteration, observing that 

the copy number alteration is a hallmark of cancer (Hanahan and Weinberg, 2011). 

 

Figure 2. 1. The regression coefficients of the significant predictors coming out from a univariate Cox model and their 

associated statistical inference power (p_value) 
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In this study, we propose a new method GEMPS to integrate gene expression and genetic 

variants in a data-driven yet biologically-informed way to predict patient survival. GEMPS stands 

for Gene Expression as a Mediator for Predicting Survival. Gene expression is widely considered 

as an intermediate, heritable cellular phenotype defining the function of a cell; and if misregulated, 

it can lead to disease (Bryois, et al., 2014). Since gene expression has a more direct effect on 

survival than genetic variants, GEMPS uses gene expression to predict survival, however, the 

selection of genes is guided by information from genetic variants (gene regulators). GEMPS 

assigns two scores, predictive and mechanistic, to each gene.  A high predictive score indicates 

that the expression level of the gene is strongly associated with the survival outcome. A high 

mechanistic score indicates that the expression level of the gene is strongly regulated by some 

genetic variants. GEMPS unifies these two scores into one to prioritize the genes. Intuitively, a 

large predictive score will lend itself to high prioritization and a moderate predictive score can be 

boosted by a high mechanistic score so that the overall prioritization score can be high. We aim to 

develop the common regulator-target gene relationship into a new regulator-target-outcome 

relationship for the disease. We tested GEMPS on two large data sets and compared GEMPS to 

using only gene expression or genetic variant data in a purely data-driven manner. Results show 

that GEMPS is effective and provides more accurate predictions and a set of mechanistically 

informative genes as supported by gene set enrichment analysis. 

In this study, we used CNAs as a representative for genomic variants. There were two main 

reasons for choosing CNAs instead of other genomic variants like somatic mutations. Firstly, CNA 

is often large, spanning thousands of kilobases and even up to a whole arm or a whole 

chromosome. So, a single CNA can affect tens or hundreds of genes located within the CNA 

region. Hence, CNA has more dramatic effect than other genomic variants like somatic mutations. 

Secondly, recent study has shown that CNAs are deemed to be more causal than somatic mutations 

for genetic diseases caused by gene expression deregulation (Bryois, et al., 2014). Indeed, copy 

number amplification is a mechanism for increasing the oncogenes activity and for developing 

drug resistance, while deletion inactivates tumor suppressors (Beroukhim, et al., 2010; Feuk, et 

al., 2006). 
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2.2. Methods 

 Database 

We applied the proposed technique on two cancer types, ovarian serous cystadenocarcinoma (OV) 

and glioblastoma multiforme (GBM), from the TCGA Pan-Cancer Survival Prediction Challenge 

project (Yuan, et al., 2014). The project homepage can be accessed in Synapse 

(doi:10.7303/syn1710282). For each cancer type, we used different types of data: survival, clinical, 

and molecular. Survival data include entries about survival and censoring times for each patient, 

while examples of clinical data are age, gender, stage, and grade. We used two molecular data 

types: mRNA expression (Agilent 244K Custom Gene Expression G4502A platform with 60608 

probes representing 17813 genes for both cancers) and somatic CNAs (Affymetrix Genome-Wide 

Human SNP Array 6.0). For the OV cancer, we have 108 regions with CNAs, and for the GBM 

cancer, we have 106 regions. After segmenting regions harboring copy number changes, the gain 

and loss levels were identified using the GISTIC technique (Mermel, et al., 2011), and then 

expressed as a ratio of log2 (sample intensity/reference intensity) (Zhao, et al., 2015). The total 

number of patients who have the three data types (survival, clinical, and molecular) is 379 for OV 

and 210 for GBM. Table 2. 1 gives a summary about the two cancer datasets. 

Table 2. 1. Clinical Information of the OV and GBM Datasets 

Cancer Type OV GBM 

Number of Patients 379 210 

Overall Survival (months) 0.3 – 182.67 0.1 – 129.33 

Median of survival (months) 29.13 9.58 

Alive 179 (47.23%) 65 (30.95%) 

Dead (event rate) 200 (52.77%) 145 (69.05%) 

Age at Diagnosis (years) 26 - 89 10 - 89 

Male / Female 0 / 379 128 / 82 

http://dx.doi.org/10.7303/syn1710282
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Some measurement values were missed for only the gene expression data type. We used 

data imputation to account for these missed values. For the OV cancer gene expression matrix, 

where there are 379 subjects with 17813 genes each, we have 535 cells with missed values 

(0.0079%); while for the GBM cancer, 210 x 17813, we miss values for 174 cells (0.0046%). Any 

missed value was replaced by the median of the subjects’ values for that gene. 

 GEMPS Technique 

A general overview of the proposed GEMPS method is shown in Figure 2. 2. We have 

three types of data in this study: survival, gene expression levels (mRNA), and genomic variants 

(CNAs in this study). We seek to predict survivals benefiting from the regulatory relationship 

between the genomic variants and the expression levels of their regulated genes. Briefly, we first 

find an initial list of candidate genes that could be predictors of survivals. Secondly, an expression 

quantitative trait loci (eQTL) process is applied to infer the impact a genomic variant might have 

on the expression levels of the genes in the above initial list. Thirdly, a proposed selection method 

is used to pick up those genes that are regulated by the variant and are strongly correlated with 

survival. 

 

Figure 2. 2. General overview of the GEMPS method 
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Suppose we have P patients with an array of survivals 1 2{ , ,..., },PZ Z Z Z where ,pZ Ν  

and N is the set of all natural numbers including zero and each pZ has two entries: one is for the 

survival data and one is for the censoring data; a number of totM  genes with an array of their 

mRNAs 1 2{ , ,..., },tot Mtot
Y Y Y Y where ,P

mY R and R is the set of all real numbers; and an array of 

length N of a genomic variant 1 2{ , ,..., },NX X X X where .P

nX R  For the first step of getting a list 

of the candidate survival-associated genes, we use a univariate Cox model to test for each gene 

separately against all survival outcomes, Z, and the output, Y, is a list of genes of M elements, 

where 1 2{ , ,..., }M totY Y Y Y Y  as shown in Figure 2. 2. This list is used in the second step of the 

eQTL process. 

Commonly, the eQTL studies endeavor to examine the genetic basis of variability in gene 

expression by linking variations in gene expression levels to loci having genomic variants through 

different association mapping techniques (Cheung and Spielman, 2009; Stranger and Raj, 2013). 

In this study, we follow the procedure done by (Bryois, et al., 2014) to perform the eQTL test, 

where we compute a Spearman’s correlation coefficient, ,mn between each variant, ,nX and each 

candidate gene, ,mY to look for genes whose expression levels are associated with each individual 

variant. Then, we constitute a smaller list, ,nG of genes correlated with a variant. This short list 

represents the two regulatory effects a variant may have on genes and reflected in their expression 

phenotypes: in cis (the variant is local to the target gene) where, for example, a genetic variant 

resides in the promotor sequence that alters the transcription level of its corresponding gene; and 

in trans (the variant is distal to the target gene) as in the case of having a variant that affects the 

mRNA levels of a transcription factor, which in turn has downstream effects on transcription levels 

of multiple genes (Stranger and Raj, 2013). 

The length, nL , of any list nG  differs from one nX to another as shown in Figure 2.2, where, 

for example, 1X is correlated with three genes ( 1L = 3) and 2X is correlated with two genes ( 2L = 2). 

It is not necessary for all the genes in each nG , and consequently in Y as a whole, to be biologically 
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significant for survivals, and so a combination of some of these genes may be more significant 

than other possible combinations (Chen, et al., 2014). Thus, it would be beneficial to select a subset 

of the genes, give a score to their combination, and estimate its significance regarding the effect 

this subset might have on survivals. So far, each gene in any nG will have two attributes: mn , a 

correlation metric between nX  and mY ; and mHR , a hazard ratio between mY  and Z, where

Figure 2. 3. The cumulative distribution function (cdf) for the hazard ratios of the significant genes coming from the 

univariate Cox model for (A) the OV cancer and for (B) the GBM cancer 
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  and m  is the regression coefficient from the univariate Cox model. Although, 

theoretically, [1, )mHR   , we can show that more than 95% of its values lie in [1, 2] as shown 

in Figure 2. 3 that depicts the cumulative distribution function (cdf) for the hazard ratios of the 

significant genes coming from the univariate Cox model. In the case of the OV cancer, Figure 2. 

3 (A), about 99% of the values are between 1 and 2, and for the GBM cancer, Figure 2. 3 (B), 

about 94% of the values are between 1 and 2. The minimum value of 1 comes from the minimum 

value of the regression coefficient of the Cox model that is zero, and this gives a hazard ration 

(HR) = 0 1e  that means an increase percentage of zero value of the event (death) risk compared 

to a control case. Therefore, we can say that about over 95% of the HR signal lies between 1 and 

2, and of the increase percentage signal lies between 0 and 1. Based on this, we can assume that 

the HR increase percentage has a range of [0, 1]. So, we need a score that would be high for a gene 

with both large change percentage of its hazard ratio and large association with the genomic 

variant. The proposed score, nS , could be calculated as follows: 

 ( ), ( ) (1 | |)n mn m o mnm G S HR HR        (2. 1) 

   

 ( ) ( ). ( 0) / ( 0)m G m Gn mn mn mnn n
S S I S I S        (2. 2) 

  

where oHR  is a predefined parameter that can be assigned a value based on domain expertise or 

can be considered as the minimum percentage of change in the hazard ratio above which a user is 

interested in for a specific disease and (.)I is the indicator function. The first term of Equation (2.1) 

above, ( ),m oHR HR  represents the influence of the gene expression phenotype on the tumor 

survival outcome; the higher the effect is, the higher that term would be and subsequently the 

larger the weight of this term on .mnS  This term represents the utilized information from the 

predictive model. The second term, (1 | |),mn  introduces the associated influence on the gene 
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expression phenotype exerted by a cis-acting variant or a trans-acting variant. This term represents 

the exploited information from the mechanistic model. The minus operator between these two 

terms could be thought of as a high-pass filter that emphasizes genes with high impact on survival 

and, at the same time, are largely associated with variants. In addition, it suppresses genes having 

a low effect on survival and a modest association with variants. Thus, the absolute value of the 

association metric in the second term is complemented with the unity: genes with higher hazard 

ratios and higher association metrics would be given higher individual scores due to the minus 

operator, and vice versa. To be assigned a countable positive score, a gene with a low mn should 

have a relatively high ,mHR and a gene with a low mHR should have a high .mn  Thus, this inverse 

relationship could be a compromise for the different scenarios a gene may have in terms of its 

association with variants and its impact on survival. The cutoff value for the high-pass filter is 

defined by oHR  in Equation (2.1). The two scores, mnS and ,nS are structured to simultaneously 

utilize the joint information embedded in the gene-regulator relationship and the gene-outcome 

relationship rather than sequentially using each one separately. 

The final set of survival-affecting genes based on all the variants, ,survG  is the union of all 

genes satisfying: 1) having positive ,mnS  and 2) their corresponding 
'

nS s  are significant. Below we 

discuss how to estimate the significance of .nS  The union operator ensures that all genes associated 

with a single variant or having polymorphic forms of variants will be included. 

 Significance and Multiple Hypothesis Testing 

In the pre-selection step done using the univariate Cox model, we construct the initial list of genes 

that are correlated with survival by keeping genes having Wald’s test p-value   0.05. Each gene 

in any list nG  has a false discovery rate (FDR)   0.05 (Benjamini and Hochberg, 1995). 
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To estimate the significance of each score ,nS the algorithm makes 1000 permutations to 

estimate 
null

nS (the number 1000 was picked up to balance accuracy and computational time): 

 Calculate the observed score nS  and denote it observedS  

 For each permutation iteration k: 

(1) Permute 
'

mHR s  and 
'

mn s  independently 

(2) Compute kS  

 Construct the 
null

nS  as the histogram of kS  

 Compute the p-value that to associate
nS as the portion of 

null

nS  that is AS :observedS  

 ( ( ) 1) / (# 1)null

n observedp value I S S permutations      (2. 3) 

nS  is declared significant if it has an FDR   0.05. We use a permutation test because, 

though computationally intensive, it is considered the strongest and most appropriate control of 

type-I error rates in genome-wide studies (Braun, et al., 2013). Two histograms of 
null

nS are shown 

in Figure 2. 4. One is for a significant observedS  and the other one is for an insignificant .observedS  

 Survival Models 

We built six multivariable Cox PHMs, and their inputs come from: 1) the genes obtained after 

using the GEMPS technique, 2) GE.Lasso: the genes produced by applying the variable selection 

method of LASSO (least absolute shrinkage and selection operator) (Tibshirani, 1997) on the 

genes from the univariate Cox model, 3) GE: the top statistically significant genes (lowest p-

values) from the univariate Cox model where their number is equal to the number of genes coming 

from GEMPS, 4) CNAs: the CNAs levels that showed significant regression with survivals based 

on a univariate Cox model, 5) GE.CNAs: the predictors of the GE model plus the predictors of the 

CNAs model, and 6) GE.CNAs_Lasso: the output of the Lasso method after being applied on both 



22 

 

the univariate Cox model genes and CNAs. The last two models are the most widely used ones to 

combine both the genomic and transcriptomic features, and they could be thought of as “peer 

methods” for our proposed technique in terms of utilizing both features simultaneously. These six 

models make the comparison among them comprehensive to the various possible types of features, 

and their survival prediction power is compared using the concordance index (C-index) (Gonen 

and Heller, 2005). 

Figure 2. 4. The histogram of  The vertical dotted blue line is  P is the p-value of the observed score. 

The upper panel is for a significant while the lower panel is for an insignificant  
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 Cross Validation and Performance Evaluation 

Each cancer type dataset was randomly divided into an 80% training group and a 20% testing 

group of mutually exclusive samples. Then, the C-index for each model was calculated on the 

same set of the unseen (testing) samples to facilitate using tests of paired differences. This 

procedure was repeated 100 times to produce 100 C-indexes for each prediction technique, on 

which performance assessment was based. Wilcoxon signed rank test was used to compare the 

prediction power of these techniques and to estimate the significance of the difference based on 

the above C-indexes, considering it a paired difference test. 

 Clinical Covariates as Confounders  

The true effect a molecular feature might have on an outcome may be confounded by other 

uncontrolled covariates such as age, gender, stage, and/or grade, which form the clinical data 

domain. It is necessary to adjust for these covariates so that the association of the factor of interest 

with survivals can be estimated more purely (Nieto and Coresh, 1996). To determine which 

covariate might act as a confounder, we built different Cox models: univariate and multivariable; 

with and without incorporating the mRNA features. Covariates with a p-value   0.05 were 

announced confounders and were adjusted for when building the subsequent Cox models. The 

available confounding covariates for the OV cancer are age, grade, and stage; and for the GBM 

cancer are age and gender. 

 Survival-Based Stratification and the One-Sided Log-Rank Test 

The log-rank test is the most commonly-used statistical test for comparing the survival 

distributions of two or more groups, such as the two groups of patients with a high risk and a low 

risk of death. Patients in the high-risk group are deemed to have a shorter overall median survival 

than the patients in the low-risk group. Using genes selected by each technique, we compute the 

risk scores for patients in both the training and the testing sets. Then, we classify the patients in 

the testing set into either group based on the median risk score computed from the training set. 

Afterwards, the log-rank test is utilized to check the significance of the difference between the 
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survivals of the two groups; it tests the null hypothesis where the two groups have identical survival 

and hazard functions. The analysis is based on the times of observed events (here deaths). For each 

such time, the observed and expected numbers of deaths in each group are calculated, and then 

their differences over all the observed times of events are added to construct a summary statistic. 

Let 1, 2,...,k K be the distinct times of observed failures (deaths), i = 1, 2 be the number 

of groups (low-risk and high-risk), ( )iN k be the number of subjects at risk in group i at k (subjects 

that neither passed away nor were censored), 1 2( ) ( ) ( )N k N k N k  be the total number of subjects 

at risk from both groups at k, ( )iO k  be the observed number of subjects who had an event 

(uncensored) in group i at k, and 1 2( ) ( ) ( )O k O k O k   be the total number of failures at k. Under 

the null hypothesis and given that ( )O k  total number of events happened from both groups at k, 

1( )O k  follows a hypergeometric distribution with parameters ( )N k , 1( )N k , and 1( )O k , and has 

mean and variance: 

 1
1

( )
( ) ( )

( )

N k
E k O k

N k
  (2. 4) 
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The log-rank statistic, Z, compares each 1( )O k  to its expectation 1( )E k  under the null 

hypothesis, oH , and considers the extreme values of 1( )O k  as evidence against  oH , where Z is 

defined as: 
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Then under oH , the log-rank statistic, Z, follows either a Gaussian or a Chi-squared 

distribution: 

 
2 2

1(0,1)                          ZZ OR   (2. 7) 
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For the case of two groups, the log-rank test is commonly used as a two-sided test to 

determine whether the two survival curves for the high-risk group and the low-risk group are 

statistically separate. Nevertheless, we believe that the use of a one-sided log rank test would make 

better sense in this study. The alternative hypothesis in this case is that the low-risk group has a 

longer survival time than what the high-risk group has. For each dataset division, we obtain a 

single Z value for each prediction technique. Yet we need a single, collective summary statistic at 

the end of performing all the division iterations. Let 1, 2,...,d D be the number of dataset 

divisions, { , , _ , , _ }j GEMPS GE GE LASSO CNAs CNAs Genes , and jdZ be the single Z statistic 

from the one-sided log-rank test for a technique j at the iteration d. Then, the final summary statistic 

jZ is defined as: 

 1
D
dj jdZ Z                                                                  (4) 

Assuming that 
'

jdZ s are independent over the D iterations, jZ is distributed as a normal 

random variable with mean of zero and standard deviation of D . The p_value for the ability of 

the selected list of genes of each technique to stratify patients into a low-risk group and a high-risk 

group is then the probability of observing a score no less than jZ  within the distribution (0, ).D  

The reason behind this approach is that one certain technique might be superior over the 

other techniques at some certain dataset divisions, and inferior at other divisions. So, a collective 

test statistic over all the divisions is needed. Besides, the two-sided log-rank test may indicate 

significant separation of the two survival curves regardless of which one lies below the other, such 

as in the case of having a longer survival of the high-risk group than that of the low-risk group. 

However, using the one-sided log-rank test, that case would give non-significant separation 

because the one-sided test emphasizes directionality of the alternative hypothesis that the low-risk 

group has longer survival than that of the high-risk group. 

 Used Software Packages 

GEMPS was built in R, where the code and a sample data can be found available at 



26 

 

https://github.com/Ibrahim-Youssef/GEMPS.git The univariate and multivariable Cox models 

were built using the R package “survival” (Therneau and Grambsch, 2000); the LASSO was used 

from the R package “glmnet” (Friedman, et al., 2010); data imputation applied the R package 

“randomforest” (Liaw and Wiener, 2002); and the C-index was computed from the R package 

“survAUC”. 

2.3. Results 

2.3.1. Confounding Factors 

For the OV cancer, the age covariate was found to be the only confounding factor among 

the clinical covariates based on their p_values of the estimated regression coefficients at fitting a 

Cox model without using the mRNA data (Table 2. 2). Either using all the clinical covariates 

collectively in fitting the model or using each one separately, we reached the same result of keeping 

age only. This excludes grade and stage from the succeeding steps. For GBM, both age and gender 

are confounders, and accordingly we need to keep them in fitting the Cox models. 

 

Table 2. 2. P-values of the confounding clinical covariates when tested individually or collectively without using 

mRNA features in the model 

Cancer Clinical Covariate Individually Tested Collectively Tested 

OV 

Age 0.0210 0.0237 

Grade 0.1032 0.1197 

Stage 0.2597 0.2833 

GBM Age 4.5E-8 9.4E-8 

https://github.com/Ibrahim-Youssef/GEMPS.git
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Gender 0.0052 0.0128 

Similar results were obtained after using the mRNA data in fitting the cox model (see 

Figure 2. 5 below). Cumulative distribution of the mRNA (GE) and clinical covariates as a function 

of the estimated regression coefficients p_values for the OV cancer is shown in Figure 2. 5 (A), 

and the GBM cancer is shown in Figure 2. 5 (B). At using the mRNA data, we screened each 

mRNA feature once alone and once besides the clinical covariates. In this case, we got for each 

clinical covariate a vector of p_values whose length is equal to the total number of mRNA features. 

This figure depicts the cumulative distribution functions (CDFs) for each clinical covariate and the 

mRNA features in the two Cox models: 1) gene expression (GE) only and 2) GE with all the 

clinical covariates. It could be seen that age and gender are confounders in the GBM cancer, while 

only age is a confounder in the OV cancer, and that the CDFs for the mRNA features (GE only 

and GE with clinical covariates) support this, especially in GBM. 

Figure 2. 5. Cumulative distribution of the mRNA (GE) and clinical covariates as a function of the estimated regression 

coefficients p_values for (A) the OV cancer and (B) the GBM cancer 
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2.3.2. Performance Assessment 

Figure 2. 6 displays the box plots of the C-Indexes of each method, while Figure 2. 7 shows 

the box plots of the paired differences of the GEMPS C-Indexes minus the C-Indexes of the 

designated methods (GE, GE.Lasso, CNAs, GE.CNAs, and GE.CNAs.Lasso). For the C-Indexes 

of the OV cancer, the medians of GEMPS, GE, CNAs, GE.Lasso, GE.CNAs, and GE.CNAs.Lasso 

are 0.753, 0.705, 0.623, 0.707, 0.731, and 0.711, respectively; while for GBM, the medians are 

0.762, 0.656, 0.603, 0.641, 0.676, and 0.633, respectively. For these two cancer types, the two 

median values of GEMPS are still higher than the medians of the other traditional methods. In 

addition, the CNAs method has the worst performance in both cancer types, which supports our 

postulate that genetic variants influence the disease outcome through a mediator. Consistent with 

our assumption that the most statistically significant features based on the regression coefficient 

estimation do not necessarily reflect the most biologically significant features, GE method 

performs poorly compared to GEMPS. To assess whether the C-Indexes obtained from the 

multivariable Cox model built from the mRNA features selected by the GEMPS method are 

statistically different from the C-Indexes of the other methods or whether they are no more than a 

random guess by chance, we used the one-sided Wilcoxon signed rank test with the alternative 

hypothesis that GEMPS is better (higher values). Results are summarized in Table 2. 3, where we 

can see that the prognostic power of the GEMPS method statistically outperforms those of the 

other traditional methods for both OV and GBM cancers. Moreover, we report the p-values for 

comparing each model against all the other ones in Table 2. 3. 

Although the GE.CNAs model, in the OV and GBM cancers, has better performance than 

all the other models, except for GEMPS, we still believe that the GE.CNAs and GE.CNAs.Lasso 

models have the following problems: 

a. They do not preserve the biological hierarchy from DNA to RNA. 

b. The information contained in the model covariates suffers from redundancy since 

variability in the mRNAs levels are not independent from the genomic variant levels 

variability. 

c. The model interpretability is negatively affected. For example, the picked up features after 
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fitting the Cox’s model could contain one or more of the CNAs features, which in turn 

gives no information about the afflicted genes, in particular, if a trans effect exists. 

 

Table 2. 3. Wilcoxon signed rank test p-values at comparing the GEMPS prognostic power against the other techniques 

Condition OV 
GBM 

GEMPS > GE 2.71E-06 
1.65E-09 

GEMPS > CNAs 1.48E-16 
6.99E-16 

GEMPS > GE.Lasso 1.64E-05 
2.15E-11 

GEMPS > GE.CNAs 6.18E-03 
9.18E-07 

GEMPS > GE.CNAs.Lasso 9.18E-07 
5.15E-11 

GE > CNAs 1.57E-16 
1.69E-08 

GE > GE.Lasso 0.70117 
0.05865 

GE.CNAs > GE 3.14E-09 
0.00136 

GE > GE.CNAs.Lasso 0.19171 
0.02571 

GE.Lasso > CNAs 4.29E-15 
2.75E-07 

GE.CNAs > CNAs 2.11E-18 
8.37E-17 

GE.CNAs.Lasso > CNAs 8.45E-12 
3.34E-05 

GE.Lasso > GE.CNAs.Lasso 0.12608 
0.11852 

GE.CNAs > GE.Lasso 3.14E-08 
1.55E-11 

GE.CNAs > GE.CNAs.Lasso 2.71E-06 
3.72E-10 
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Figure 2. 6. Box plots of the C-Indexes for each survival prediction method coming from 100 random divisions of the 

OV and GBM cancers datasets 
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Figure 2. 7. Box plots of the paired C-Indexes difference between GEMPS and each other technique for the OV and 

GBM cancers. Underneath each box plot is the p-value of the Wilcoxon signed rank test for the paired difference 

significance 
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Also by giving a look at the C-Indices in Figure 2. 6, we notice that the technique with only 

CNAs has the smallest variance, and when the gene expression levels are incorporated in the 

model, variance starts to get larger. In our data, for the OV cancer for example, the mean value of 

the standard deviation of the mRNA levels is 0.704, while it is 0.553 for the CNAs values. Since 

GEMPS propagates information from the CNAs layer to the mRNA layer, this might be a reason 

for GEMPS to have larger C-Indices variance than that of the other techniques that use just one 

feature or use both features but with both on the same layer level. 

In addition, we tried different values to weigh the two terms of Equation (2.1) above, 

( )m oHR HR  and (1 | |),mn  for not mistakenly favoring one term on the other. Figure 2. 8 shows 

that the equal weight of (1, 1) gives the best performance. As for ,oHR through our experiments, 

its range from around 0.3 to 1 gave robust value. For the OV cancer, we set oHR = 0.5, and set oHR

= 0.65 for the GBM cancer. 

 

Figure 2. 8. The effect of using different weights for the two terms in Equation (1). The dotted horizontal line 

represents the highest C-Index for each weight pair 
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Regarding the possibility of the selected list of genes to discriminate patients into the two 

groups of high-risk and low-risk, we found that the one-sided log-rank test is more suitable here. 

For example, a method could produce survival curves for the two groups that are definitely 

separate, but with the high-risk group having longer survival times than those of the low-risk group 

as shown in the second row of Figure 2. 9. If we used the common two-sided log-rank test, we 

would get a significant separation with p_value = 0.0032, which is misleading in the context of the 

ability to accurately predict survival. On the other hand, the one-sided log-rank test rationally 

highlights the failure to correctly align the longer survival to the low-risk group and the shorter 

survival to the high-risk group (p_value = 0.9984). 

Figure 2. 9 illustrates the need to have a collective statistic, ,jZ  for the one-sided log-rank 

test over all the dataset divisions. Figure 2. 9 (A) is one division where GEMPS (p_value = 0.0097) 

outperforms GE and GE_Lasso (p_value = 0.9984 and 0.5023; respectively), while Figure 2. 9 (B) 

is another division where GE and GE_Lasso (p_value = 0.0003 and 0.0084; respectively) have 

better performance over GEMPS (p_value = 0.4301). Table 2. 4 lists the overall p_values of the 

collective one-sided long-rank test for each prediction technique. For both the OV and GBM 

cancers, the GEMPS technique provides the highest and the most significant capability to stratify 

patients while preserving a correct alignment between the survival time length and the group type.  

 

 

Table 2. 4. The overall p_value of the one-sided log-rank test over the 100 dataset divisions for stratifying patients 

into a low-risk group and a high-risk group 

Cancer GEMPS GE GE.LASSO CNAs CNAs.Genes 

OV 1.53E-22 0.0054 1.09E-06 0.0137 0.0293 

GBM 9.61E-08 0.8076 0.0031 0.0864 0.5738 
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Figure 2. 9. Kaplan-Meier survival curves for stratifying patients into a low-risk group and a high-risk group for two 

different iterations of the 100 OV cancer dataset divisions. The shown p_values are from the one-sided log-rank test 

for significance of the longer survival the low-risk group has over the high-risk group. In one iteration (A), only 

GEMPS succeeded in stratifying patients correctly although GE shows visual non-directional separation, and in the 

other iteration (B), only GE and GE_Lasso succeeded 



35 

 

To investigate our assumption that the selected list of genes by GEMPS should provide 

more biologically meaningful insights than GE and GE.Lasso (we did not consider CNAs_Genes 

as its genes are a subset of the GEMPS genes representing those genes affected by the variants in 

cis), we did the Gene Set Enrichment Analysis (GSEA) for each list of genes coming from a 

specific technique (Subramanian, et al., 2005). The analysis was done against the gene sets derived 

from the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway database, which represents 

the molecular interaction and reaction networks for metabolism, genetic information processing, 

environmental information processing, cellular processes, organismal systems, human diseases 

and drug development (Kanehisa, et al., 2012). The list of genes of each technique was composed 

of those genes that appeared at least 10% of the total number of dataset divisions for each cancer 

type separately. FDR was set to be   0.05 for declaring statistical significance. 

For the OV cancer, the GSEA for the GE.Lasso technique resulted in enriching just one 

KEGG pathway: “Cardiac_Muscle_Contraction” (FDR = 0.032), that is related to the genes 

regulating the excitation-contraction coupling process of the cardiac muscle by controlling the 

calcium channel responsible for releasing calcium necessary to electrically excite the cardiac 

myocytes (Marks, 2003). 

The GEMPS technique produced 13 significant overlaps with the KEGG pathways, while 

19 significant enrichments were obtained from the GE technique. Only the pathway “Endocytosis” 

is common between GEMPS and GE, where endocytosis is a mechanism for cells to remove 

ligands, nutrients, plasma membrane proteins, and lipids from the cell surface, bringing them into 

the cell interior. It is highly believed that endocytosis is capable of making major contributions to 

cancer cells such as sustained proliferation, enhanced invasiveness, and avoidance of apoptosis. 

These effects might be translated into survival advantages while tumors being subjected to 

radiotherapy, chemotherapy, or angiogenesis therapy. Dysregulation of many genes related to 

endocytosis was observed in cancers like ovarian, renal, and breast cancer (Mellman and Yarden, 

2013). 

Although both GEMPS and GE enrich a pathway for DNA repair, the GEMPS pathway 

(“Homologous_Recombination”, FDR = 0.00069) is deemed to be more effective than the GE 

DNA repair pathway (“Non_Homologous_End_Joining”, FDR = 0.0474). Homologous repair 
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(HR) and non-homologous end-joining (NHEJ) are frequently described as being error-free and 

error-prone; respectively (Shrivastav, et al., 2008). HR is a DNA metabolic process involved in 

the repair of complex DNA damages such as DNA gaps, DNA double-stranded breaks, and DNA 

interstrand crosslinks; and in supporting DNA replication and telomere maintenance. Failure to 

accurately repair complex DNA damages and resolve the DNA replication stress leads to genomic 

instability and raises the tendency to develop ovarian and breast cancers (Li and Heyer, 2008). HR 

is considered a more accurate mechanism for repair of double-stranded breaks because broken 

ends use homologous sequences elsewhere in the genome (sister chromatids, homologous 

chromosomes, or repeated regions on the same or different chromosomes) to prime repair 

synthesis. On the other hand, NHEJ is accountable for most of the tumorigenic chromosomal 

translocations (Shrivastav, et al., 2008). 

Among the other enriched pathways by GEMPS, the most significant overlap (FDR = 

0.00054) is the “WNT_Signaling_Pathway”, where the Wnt proteins affect multiple cell biological 

and developmental processes. They are reported to regulate cell self-renewal, apoptosis, and cell 

motility. Their malfunction can lead to different disorders like cancer and premature aging (Willert 

and Nusse, 2012). Also, the “Adherens_Junction” pathway (FDR = 0.0038) concerns about the 

cell-cell adherens junctions, the most common type of intercellular adhesions, which are important 

for maintaining tissue architecture and cell polarity, and can limit cell movement and proliferation. 

From Figure 2. 10, the distribution of the enriched pathways for the GEMPS technique is 

denser in categories seemed to have the higher impact on tumors, like the genomic information 

processing category that comprises pathways for the DNA transcription, translation, and 

replication and repair. These categories are more likely to have a significant higher impact on 

tumor biology. In contrast, GE enrichment is heavier in pathways related to some cancers other 

than OV cancer like melanoma and prostate cancer; and in pathways for signal transduction and 

molecules interaction. 

In the case of the GBM cancer, almost all the enriched pathways by GE are also enriched 

by GEMPS, but either at the same number of subcategories or at a lower number as shown in 

Figure 2. 11, where the DNA translation pathways are enriched equally. For GEMPS it is either 

higher for the DNA folding, sorting, and degradation pathways, or is distinctive for the DNA 
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replication and repair pathways. In addition, GEMPS enriches two pathways related to the nervous 

system, consistent with the analysis of data from GBM; that is GBM affects the brain, which in 

turn is the center of the nervous system- an enrichment that the GE technique lacks. 

The GE.Lasso technique did not show any enrichment for any of the KEGG pathways for 

the GBM cancer type. This could be a reason behind its inferior prediction ability compared to the 

GEMPS technique. 

 

Figure 2. 10. Distribution of the enriched subcategories in the KEGG pathway database of both GEMPS and GE 

techniques for the OV cancer 
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Figure 2. 11. Distribution of the enriched subcategories in the KEGG pathway database of both GEMPS and GE 

techniques for the GBM cancer 
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Since pathway enrichment studies could be confounded by a specific tissue or a cell type 

bias (Timmons, et al., 2015), we conducted an experiment by limiting the background genes used 

in the enrichment analysis. We searched the Molecular Signature Database (MSigDB) to identify 

genes within pathways where their expression is regulated in a fashion specific to the OV cancer 

or the OV tissue and cell type. We found 34 pathways matching these criteria. The union of all 

genes (2825 genes) located in these pathways was used as the background genes rather than genes 

of the whole genome. Our technique GEMPS enriched significantly 24 pathways, while the GE 

technique enriched significantly 16 pathways (Table A. 1 and Table A. 2 in Appendix A at the end 

of this dissertation). Among the 34 pathways, there are 4 pathways associated with prognosis and 

survival (the 3rd to the 6th pathways in Table A. 1 and Table A. 2). GEMPS enriched significantly 

3 out of the 4 pathways and GE enriched just 2. For these two pathways in common between 

GEMPS and GE, enrichment and significance were higher for GEMPS. This experiment 

overcomes the bias accompanying the gene sets enrichment studies, and at the same time confirms 

superiority of our technique. 

2.4. Discussion 

In this study, we present a method (GEMPS) to integrate clinical data with high-dimensional 

multiplatform “omics” data. Genomic (CNAs), transcriptomic (mRNA), clinical, and survival data 

are integrated to predict survivals and discover the potential genes of which expression levels affect 

clinical outcome. We rely on the biological relationship between gene expression and genomic 

variants by developing the common regulator-target gene relationships into new regulator-target-

outcome relationships for the disease. This approach affords a biological interpretation for 

selecting survival-associated genes when compared with other methods. Here, GEMPS was 

applied to study two cancer types: ovarian (OV) and glioblastoma multiforme (GBM). The 

proposed scoring technique is structured to be generic for any survival regression metric and for 

any regulator-target association metric, and without any prior knowledge for the regulatory 

mechanisms. Also, we feel that our technique could be widely applicable to data other than the 

survival ones. The key points that have to be preserved are: 1) the decomposition of the model into 

three different layers as shown in Figure 2. 2, 2) having two metrics characterizing the relationships 

between the variables in each two consecutive layers, and 3) the range of the relationship metrics 
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has to be the same; otherwise different weights or normalization for the two terms of Equation 

(2.1) might be needed. 

Our study illustrates the power of data integration, where overall improvement in 

performance is consistent and clearly statistically significant. Moreover, we can extract 

biologically relevant insights rather than relying only on statistical significance which is a 

limitation for the other methods that favor some genes and discard others without applying any 

biological reasoning. We anticipate future work focusing on incorporating more data types 

simultaneously like morphometric data (histopathology images), that are rich in phenotypes, 

alongside the genomic profiles, that are rich in genotypes. Such a multiscale approach holds 

significant promise for better estimating cancer prognosis and for finding novel survival 

biomarkers. Also, since cell function and hence phenotype are thought to be determined mainly by 

the proteins produced in each cell, incorporating profiles of the proteins activity to our technique 

proposed in this study is attractive and in our future research direction. 
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Chapter 3 - Biologically regularizing the Cox’s proportional hazards 

model by integrating the mechanistic model with the clinical model 

 

 

 

3.1. Introduction 

Cox proportional hazards model (PHM) is a standard statistical model for studying the relation 

between survival time and a set of covariates, especially when some of the observed times are 

censored (Yang and Zou, 2013). For the classical problems with observations more than predictors, 

the Cox model performs well. However, with the recent advent of new genomic technologies 

producing large-scale data, where observations are in tens or hundreds and covariates are in 

thousands, the Cox model leads to degenerate behavior. To combat this problem, sparse penalized 

Cox models have been developed. Sparsity assumed in these models refers to the state where most 

of the energy of the signal is concentrated in a few number of vectors from all the vectors 

representing the signal. This has the consequence that among all the coefficients that describe a 

model, only a few of them are non-zeros. 

One of the most early, yet common, techniques for regularizing the Cox PHM is the lasso 

penalized Cox regression model (Tibshirani, 1997), where the lasso penalty (Tibshirani, 1996) is 

defined as 
1

( ) .
M

m
m

P   


   m  is the regression coefficient of covariate m, assuming that there are 

M covariates in total, and   is the penalty parameter. Another variant of the lasso penalty is the 

elastic net penalty (Zou and Hastie, 2005) that is defined as   2
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where 0   and 0 1.   The 1L  regularization part of the elastic net accounts for imposing 

sparsity, and the 2L regularization part can better handle the correlated covariates- lasso just picks 

one covariate of each correlated group of predictors- and can lead to more stable solution paths. 

Different implementation have been developed for the above two penalties availed by fast 
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optimization techniques, such as the Coordinate Descent (Gerlinger, et al.) technique and some 

heuristic approximations to the partial likelihood in the Cox model (Simon, et al., 2011), and as 

the Coordinate Majorization Descent technique (Yang and Zou, 2013). 

Although these techniques are powerful in survival analysis, they have some limitations. 

First, the underlying biology is not taken into consideration for picking up the non-zero predictive 

covariates. This might affect interpretation of the model from a biological perspective. Second, the 

covariates for the majority of these models use only transcriptomic data to represent variability in 

the gene expression levels and to study their effects on survivals. This approach does not provide 

any information about the reasons behind variability in gene expression levels, and, hence, 

provides an incomplete picture about tumorigenesis. Third, if there are multiple genomic data, 

these models simply concatenate the different types of the genomic data to form a multivariable 

regression model, without paying attention to the interactions among the different genomic data 

types, the regulatory relationship among them, or preservation of the biological hierarchy from 

DNA to RNA and the associated flow of consequences initiated by having a genomic variant at 

the DNA level and its downstream effect on gene expression. 

In this study, we propose a penalized Cox regularization that is considering the regulatory 

relationship among the gene expression levels and their regulators of the genomic variants existing 

at the DNA level. We follow the recommendation provided by (Zhao, et al., 2015) to consider 

disease outcome (such as survival) to be affected only by variability in the gene expression levels, 

where outcome perturbation comes from dysregulated genes. This dysregulation is a consequence 

of having genomic variants. We propose to build a three-layer model. Each layer represents one 

data type. The first layer represents the DNA genomic variants. The second layer represents the 

gene expression levels, and the third one represents the outcome data. Through this, we decompose 

the model into two sub-models:  the clinical model and the mechanistic model. The clinical model 

characterizes the effects of the variability in the gene expression levels on the disease outcome 

(survival for example). The mechanistic model characterizes the regulatory relationship variants 

have on the gene expression levels. Integration of the different genomic data types occurs within 

the mechanistic model. Information from the mechanistic model is incorporated in the penalization 

function to regularize the Cox model biologically. By this, we combine the upstream cause (DNA 

variants), the downstream effect (gene expression dysregulation), and the final disease outcome 
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(survival) in one model. We believe that this model develops the usual regulator-target gene 

relationship to a new one: regulator-target-outcome relationship of a disease.  

There are a very few studies trying to model the interaction among different types of data 

for survival analysis, such as integrating mRNA expressions and microRNA profiles using 

hierarchical Bayesian relevance vector machines (Srivastava, et al., 2013), and integrating gene 

expressions, CNAs, and a set of clinical measurements using a multiple kernel learning support 

vector machine technique (Seoane, et al., 2014). However, the consideration of interaction between 

data types is data-driven and behaves like a black box through the non-linear kernel function in 

support vector machine. To the best of our knowledge, only the study by (Wang, et al., 2013) 

considered the regulatory relationship between different data types. However, they used a bayesian 

approach with numerous assumptions and intenstive compuations to estimate the large number of 

parameters and priors of their proposed hierarchical model. In additon, these studies did not 

consider the Cox model and hence they lost the power that could be added through using subjects 

with censored times. 

3.2. Methods 

3.2.1. Assumptions and Data Representation 

Consider that we the have the regular data for a survival analysis framework, represented in the 

form 1 1 1( , , ),..., ( , , )N N Ny X d y X d  for an N number of patients, where 
ny  is the observed time, 

nX  

is the covariates vector ,1 ,2 ,( , ,..., )n n n Mx x x  of length M, and 
nd  is the censoring indicator that equals 

1 if the patient had the risk event (death in our study) and equals 0 if the patient is right-censored. 

So, the observed time is a time of failure if 1nd   or right-censoring if 0.nd  Let 1 2 ... St t t    

be the increasing list of the unique failure times, sn  be the index of the observation failing at time 

st , and sR  be the risk set at time st (the set of observation indices whose observation time is st ). 

Also, assume we have for each patient a genomic variant vector ,1 ,2 ,( , ,..., )n n n n LV v v v  of length L. 

In this study, we have M genes with a matrix of their mRNAs N MX  , and the genomic variant is 
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the copy number alterations (CNAs) represented in the matrix N LV  . 

Before proceeding with derivation of the optimization problem, we make some 

assumptions about the whole model addressing its sub-models (the clinical model and the 

mechanistic model) and the relationship between them. These assumptions are: 

(1) Disease outcome is only determined based on the variability in the gene expression 

levels. 

(2) mRNA levels are affected by only one type of genomic variants. Although this 

assumption is not biologically plausible, but we will keep it here for simplicity.  

(3) One variant can affect more than one gene and one gene can be affected by more than 

one variant of the same type. 

(4) 'm s , the multivariable regression coefficients between the disease outcome and the 

mRNAs, are sparse and only a few mRNA features can affect the disease outcome. 

3.2.2. Cox’s PHM Biological Regularization 

Cox PHM assumes a semi-parametric hazard function at time t given a vector of covariates 
nX  to 

be 

 ( | ) ( ) exp( )T

n n o nh t X h t X   (3. 1) 

where ( )oh t is a shared baseline hazard function, and   is the regression coefficients and is of 

length M (Simon, et al., 2011). Statistical inference of the Cox model is made through the partial 

likelihood function: 
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By maximizing the partial likelihood,   could be estimated with the advantage of ignoring

( )oh t . The sparsity assumption above necessitates a penalized Cox model to identify and estimate 
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the important mRNA features, non-zero ' ,m s  that maximizes ( )L  . Maximizing the partial 

likelihood is equivalent to maximizing (or minimizing a negative version of) a scaled log partial 

likelihood of it in the form: 
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The penalized partial likelihood estimator becomes 

 , 1 1 2 2( ) ( ) ( ; , ) ( ; , )Q P P W            (3. 4) 

where 1( )P  and 2 ( )P  are the penalty function terms, 1  and 2  are the penalty parameters,   is 

a tuning parameter, and W is used to reflect the mechanistic model with more details later about 

its interpretation and computation. The penalty function should be designed to reflect sparsity by 

setting unimportant coefficients to zero and to favor those features not only having strong 

association with the disease outcome, but also with the genomic variant. Thus, 1( )P corresponds to 

the feature selection operator and controls the sparsity of the model, while 2 ( )P  emphasizes some 

features over the remaining ones and reflects the regulatory effect of the genomic variants (CNAs) 

on gene expression levels (mRNAs). The first penalty term is defined mathematically as: 

 1 1 1
1
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 (3. 6) 

where ( 0);u uI u    the non-negative part of u. ( )I is the indicator function. 

The MCP (minimax concave penalization) was reported to perform as good as or better 

than other penalties such as Lasso and SCAD (smoothly clipped absolute deviation) (Yi, et al., 
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2015; Zhang, 2010). Since our goal is not to compare performance of the different selection 

operators, we acknowledge that operators other than MCP could be used in 1( )P . We opted the 

MCP method as it has many desirable properties for penalized regression: sparsity (setting small 

coefficients to zero automatically), unbiasedness (specially the true coefficients with large value), 

and the oracle property (features are selected as if the true predictors were known in advance) 

(Breheny and Huang, 2011; Yi, et al., 2015). 

The second penalty term is defined mathematically as: 

 

2

2 2 2
1

1
( ; )

2

M
m

m
m

P
W


  



 
   

 
 (3. 7) 

where  is a very infinitesimal amount to prevent the denominator from becoming zero. mW  

represents the whole effects variants exert on expression levels of a single gene m. To compute 

,mW  we use the principle of polymorphism since more than one variant can contribute to 

dysregulating expression of an individual gene (Cheung and Spielman, 2009). We start by 

identifying all genomic loci harboring variants that are statistically significant as correlated with 

variability in the expression level of gene m. Then, we, generally, estimate the effect of the most 

influencing variant on gene expression, remove that effect, and repeat the process on the remaining 

variants until no significant association could be detected (Bryois, et al., 2014). The final value of  

mW  is a weighted mixture of the individual effects of the genomic variants. The detailed procedure 

is that we identify the variant with the best correlation with gene expression (the minimum p-value 

of the Spearman rank correlation test). Then, we calculate the covariance, Cov, between the variant 

and the gene expression. This covariance value is scaled by the coefficient of determination, 
2 ,R  

obtained after fitting a linear regression model that regresses gene expression on that best variant. 

2R represents the proportion of the variation in the gene expression that can be explained by the 

genomic variant. Algorithm 3.1 shows how to calculate mW  in full details. 
2

PreviousR  in line 12 in 

Algorithm 3.1 represents the proportion of the gene expression signal that could not be explained 

by the best genomic variant at the current iteration. This unexplained proportion, in terms of gene 

expression, will be represented by the residual of the linear regression model and will be checked 
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for association with the remaining variants after removing the best variant picked at the current 

iteration. The process proceeds in this way until inability to detect any other association. The 

weight accompanying each most significant variant at one iteration corresponds to its proportional 

effect on expression variability of gene m. The final value of mW  is the total effort exerted from the 

genomic variants to regulate gene m. 

The term (1 )mW  is considered as a weighing factor that should be small when the 

corresponding gene has strong association with variants, and vice versa. 2 (.)P looks like a ridge 

Algorithm 3.1. Calculating mW  for each gene m 

1. Initialize: 20, 1, 0,m PreviousW R k Done False     

:mGE X  expression levels for gene m 

:VT V  the whole variant matrix  

2. Repeat 

3. Identify all genomic loci harboring variants that are significantly 

correlated with variability in the expression level of gene m so that 

1k kVT VT   

4. If (
kVT exists)   

5. Identify the variant that best correlates with GE to be k

lVT  

6. ,k k

lVT VT  where l  means excluding the best correlating variant 

7. Covariance( , )k k k

lCov GE VT  

8. Regress( , )k k

llm GE VT : linear regression 

9. Residual{ }kGE lm : residual of the linear regression model 

10. 2( ) R_squared{ }kR lm : coefficient of determination of the regression 

model (lm)  

11. 
1 2 1 2( ) ( )k k k k k

m m PreviousW W R R Cov     
   

12. 2 2 1 2( ) ( ) (1 ( ) )k k k

Previous PreviousR R R    

13. Else 

14. Done = True 

15. End If 

16. Until Done = True 



48 

 

penalty that shrinks the magnitude of the regression coefficient m when it has a large weight, 

which in turn corresponds to a gene whose expression is hardly associated with the variants under 

concern (Ogutu and Piepho, 2014). 

To derive optimizer of the minimization problem mentioned above in Equation (3.4), we 

rewrite the optimization problem as: 
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 (3. 8) 

The derivation will advance in a step-by-step fashion through two different cases 

depending on the relative values of the two terms: | |m  and 1 .   

For the case (I) when ( 1| |m   ): 

   
2

2

, 1 2
1 1 1

1

1 1
( ) log exp (| | )

2 2

S M M
T T m m

i Rn i mss
s m m

m

Q X X
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 (3. 9) 

To derive the optimizer equation in a closed form, we adopt a method that combines two 

efficient optimization principles: the coordinate descent (Gerlinger, et al.) and the majorization-

minimization (MM). CD is an iterative procedure that works by fixing all the parameters, except 

one, at their most updated values at the current iteration and, then, optimizing the target function 

for the unfixed parameter. The procedure continues iteratively until convergence is reached. Each 

iteration formulates a lower dimensional (if not scalar) optimization problem that is easier to solve 

than the full problem. In brief, CD solves the full optimization problem by solving a series of 

simpler optimization problems (Wright, 2015). Benefiting from the CD technique and the 

separability property of all terms in the penalty function, we can rewrite the cost function of 

Equation (3.9) in terms of only one m  as the following univariate minimization problem: 
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 (3. 10) 

The CD concept is efficient for problems having a closed-form solution; a characteristic 

that our problem lacks due to the presence of ( ).  The MM concept can overcome such difficulty. 

MM works by rather than minimizing the cost function, it finds an update of 
~

m  such that the 

univariate minimization problem in Equation (3.10) is decreased, and this goes on in an iterative 

procedure as in the CD technique. We follow a similar approach by (Yang and Zou, 2013) to 

approximate Equation (3.10) to find a simpler updating formula for 
~

m by letting 

 
~ ~ ~ ~ ~

2( | ) ( ) ( )( ) ( )
2

m
m mm m m m

D
             (3. 11) 

where ( )m  is the partial derivative of the negative log partial likelihood with respect to m  and is 

defined as 
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 (3. 12) 
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The univariate minimization problem in Equation (3.10) is approximated to 
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 (3. 14) 

The minimizer of 
~

, ( | )mq     is 
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This leads to 
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 (3. 17) 

After some rearrangements, we can reach 
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 (3. 18) 

Equation (3.18) can go in one of the following three directions: 

i) 0new

m   

1( ) 0mb   , and so 1mb   

ii) 0new

m   

1( ) 0mb   , and so 1mb    

iii) 0new

m   

The 1l norm  ( | |new

m )  is not differentiable at 0, but its subdifferential is the interval [ 1,1].   

10 [ 1,1]mb    , and so 1 1[ , ]mb     

From (i) and (ii), we get  1mb   and 
~

sgn( ) sgn( )m mb  . From (iii), we get  1mb  . 
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Using the soft-thresholding operator: 
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 (3. 19) 

For the case (II) when ( 1| |m   ): 
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In summary, and matching case (I) and case (II) 
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 (3. 26) 

Algorithm 3.2 demonstrates how our proposed technique proceeds at fixed values for the 

penalty and tuning parameters. 

3.2.3. Effect of mW   

When gene expression variation of a certain gene, ,mx is hardly associated with any genomic 

variant, ,lv  then, from Algorithm 3.1, mW will be very small, especially if no association at all, and 

hence ma  in Equation (3.25) will be very large that drives
new

m in Equation (3.24) to be very small 

or zero. On the other hand, if the expression variation is related to the genomic variant, then mW

will be relatively larger, in proportional to the degree of association between the expression levels 

of that gene and the variants. Consequently, from Equation (3.7), 2 ( )P  will impose small or 

negligible penalty on 
new

m  which will keep gene m in the final picked up genes that to represent 

Algorithm 3.2. The Coordinate-Majorization Descent (CMD) Algorithm 

1. Initialize: 0, 0kk    

2. Compute ( )m  from Equation (3.26) 

3. Repeat 

4. For 1:m M  

5. Compute 
( ) ( ) ( ), ,k k k

m m ma b and c  from Equation (3.25) 

6. Update 
( 1)k

m

 from Equation (3.24) 

7. Update   ( 1) ( 1) ( ) ( 1) ( )( ) : exp( ) exp( )exp ( )k k k k k

m m m m m m m mX X X          

8. End For 

9. 1k k   

10. Until convergence 
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the model. 

3.2.4. The descent property of the Coordinate-Majorization Descent algorithm 

Because of the approximation made to the log partial likelihood above in Equation (3.11) for 

reaching a simple closed form of the univariate minimization problem, we here follow a similar 

approach to that proposed by (Yang and Zou, 2013) for proving decent property of the coordinate-

majorization descent (CMD) algorithm. The proof depends on the following two lemmas. 

Lemma 1.       
sgn( )new m

m m m

m

b
b c

a



   minimizes  , ( | )mq    . 

Lemma 2.  m mD   for all 
M R . 

Lemma 1 is the soft-thresholding solution to the univariate optimization problem. Lemma 

2 can be proved in the following way: 

Proof of lemma 2. 
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The term inside the brackets […] looks like the variance of a discrete random variable with 

a probability distribution given by 
 
 

exp

exp

T

i

T
i R is

X

X




. The variance is maximized when the random 

variable has a two-point distribution on  max im
i Rs

x


 and  min im
i Rs

x


 with equal probability. 

From Lemma 1 and Lemma 2, we have the following inequalities: 

, ,( | ) ( | )new

m mq q       , 
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, ,( ) ( | )m mQ q      .m R  

Based on this, we can conclude: 

, , , ,( ) ( | ) ( | ) ( )new new

m m m mQ q q Q                

 which justifies the descent property of the CMD algorithm. 

3.2.5. Pathwise Solution and Parameters Selection 

The proposed technique involves two penalty parameters, 1 and 2 ,  and one tuning 

parameter, .  It would be more perspective to get a path of coefficient values, , through the 

parameter space by optimizing at a range of values for  and .  From our simulation experiments, 

with a similar notice in literature (Shi, et al., 2015; Yi, et al., 2015), we observe that results are not 

sensitive to .  So, we fixe   at 6. Values of 1  and 2  are so critical since 1  controls the sparsity 

of the model feature selection, while 2  controls the degree of shrinkage imposed on the features. 

We jointly search for the optimum values of 1  and 2  through J-fold cross validation. To 

consider the different proportional contributions made by each penalty on the model, we test 

2 1 2( )   at the values {0.1, 0.25, 0.5, 0.75, and 0.9}. For each value of 2 , we compute a path 

of solutions for 1  values, where we start with the smallest value, 
max
1 ,  that sets   to 0, and then 

gradually decrease 1  to nearly approach the unregularized solution. Since reaching exactly the 

unregularized solution or a so close solution to it may make the model non-identifiable, excessively 

large, or poorly behaved, we limit 
min
1  to 

max
10.01 .  We go through a uniform grid in the log scale 

of E steps from 
max
1  to 

min
1  to compute the pathwise solutions, where 

max min max
1 1 1 1( )e Ee

     for 

e = 0, …, E, and E = 100 for this study. For algorithm efficiency and stability, we employ warm 

starts from one step to its successor by taking the solution at step e as the initial value for computing 
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the solution at step 1.e   

The smallest value of 1  that sets   to zeros will be the upper bound for 1 , 
max
1 ,  to be 

used in the pathwise solution. To calculate 
max
1 ,  we equate the right hand side of Equation (3.24) 

with zero. So, we get 

00

max

1
0

( )

m m

m

c b




 







 

 

 
,max

1 ,
1

1
( )max

S
i R i ms

i ms
m s s
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 (3. 27) 

Once we have calculated a path of solutions, we use J-fold cross validation to choose the 

optimal pair  1 2, .   Inspired by (Laimighofer, et al., 2016), we use nested cross validation to 

optimally choose the values of 1 and 2 ,  and to assess the prediction power of the survival model. 

We divide each dataset exclusively into two partitions. The first partition is used for training the 

model and it comprises 80% of the dataset samples. The second partition is used for testing the 

model predictability and it comprises 20% of the samples. This process is repeated K times and 

the final performance metrics are summarized over the K iterations. The training dataset is 

internally divided into J datasets, and in the jth iteration, the jth sub-dataset is used as a testing 

dataset and the remaining J-1 datasets are used for learning the model. Through the internal cross 

validation, values of 1 and 2  are chosen to maximize the prediction power of the model through 

a quantified metric such as the concordance index (C-Index) proposed in (Begg, et al., 2000). This 

index estimates the conditional probability of having, for a randomly picked up pair of patients, a 

higher risk score of one patient over the second patient given that the second patient survive longer 

than the first one. Let T be the event time and Z be the risk score. Then, for a random pair of 

patients with survival time and risk score denoted by 1 1( , )T Z  and  2 2( , ),T Z  the concordance 

measure is 

1 2 1 2Pr{ | }Z Z T T   
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The overall concordance measure (C-Index) will be the average of all the probabilities associated 

with all the different combinations of pairs of patients that can be included in the calculation 

procedure. 

3.3. Simulation Study 

We simulate different survival datasets, where each is composed of N observations and M 

gene expression predictors, X. The predictors are following standard Gaussian distribution with 

zero mean and covariance matrix : (0, ).X N   Correlation between different predictors follows 

a block structure to reflect the biological clustering of genes that share common features and 

functions. Those predictors within the same cluster have the same correlation coefficient, whereas 

those in different clusters are independent.  

10 10500 500

0 0 0 1
0 0 0 1
0 0 0 1

10 0 0

C
C

CC

C

  
  
  

  


  
 

The term “C” in the covariance matrix represents a cluster structure, and it is described by 

the matrix C on the right. For simplicity, we assume that all the genes within a cluster share the 

same correlation coefficient among any gene pair, and that correlation coefficient is the same for 

any cluster. In this simulation study, we assume that there are 100 observations and 500 genes, and 

each cluster has 10 genes. 

The true survival times, Y, are generated according to   
1

exp . 0,1 ,
M

m m
m

Y k NX 


 

where k is chosen to control the signal to noise ratio (SNR), and SNR was set to 3 in this study. 

The censoring time was generated using   exp . 0,1 .C k N  The recorded survival time was 

calculated as: min{ , }.T Y C  The observation is censored if C < Y. The regression coefficient, ,m

was set to follow a uniform distribution (0.6,1)U  or ( 1, 0.6)U   ; and (100,500),mW U

representing the range between the first and third percentiles of the real datasets we analyzed. 
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Each covariate has one value for m and one value for .mW  The indices of the non-zero ' s

and the non-zero W’s are partially overlapping as shown in Figure 3. 1. This partial overlapping is 

to emphasize that not all variations in expression phenotypes related to the genomic variant under 

investigation are necessarily associated with survival; and, vice versa, not all non-zero regression 

coefficients are highly regulated by the incorporated genomic variant since we do not consider all 

types of genomic variants. Table 3. 1 shows settings of this simulation study. 

 

 

Figure 3. 1. Distribution of sparsity and GE-CNA association per genes 

 

Table 3. 1. Simulation study settings 

Number of observations ( N ) 100 

Number of covariates: ( M ) 500 

Number of non-zero ' s  50 

Number of non-zero W’s 50 

' 'indices indicess W s   30 

Size of each cluster of genes 10 

Number of clusters 500 / 10 = 50 

Correlation coefficient (  ) {0.1, 0.3, 0.5, 0.7, or 0.9} 

 



58 

 

The objective of the simulation study is to assess: (i) the ability to select the true predictors; 

and (ii) how much false information is produced. To better achieve these objectives, we compare 

the proposed method, Cox.W, with the case where 1,mW   Cox.no.W, that eliminates integrating 

the variant domain information and corresponds to the classic Cox’s model survival analysis. The 

latter method is the elastic net, but with the MCP method for selecting predictors instead of the 

Lasso L1 regularization one. The comparison metrics are sensitivity, specificity, number of selected 

features, number of true positives (# TPs), number of false positives (# FPs), false discovery rate 

(FDR), and the concordance index. Each dataset was replicated 50 times and the average (median 

for the concordance index) results beside their standard deviations are presented in Table 3. 2 and 

Table 3. 3.  

We can see that our proposed method, Cox.W, always achieved outstanding higher 

sensitivity over Cox.no.W for all the different levels of correlation among gene clusters (Table 3. 

2). We can also notice that the sensitivity values are relatively low, but this could be an intrinsic 

characteristics to simulated Cox models with censored data as other studies reported low sensitivity 

values too such as in (Sun, et al., 2014). An explanation to this phenomenon could be the trimming 

of the information spectrum caused by having censored data. Censoring leads to losing the event 

time for some subjects and, hence, the lack of having the complete information spectrum about all 

the subjects. Also, Cox.W has lower FDR than Cox.no.W, which might support the postulate that 

having additional information through integrating multi-platform genomic data can enhance sparse 

variable selection. The concordance index is comparable between the two methods where 

difference is subtle. As for the number of true positives (TPs) for the survival model regression 

coefficients, ' ,s  our proposed method identified higher number of TPs for all correlation levels 

than what Cox.no.W did as shown in Table 3. 3. We also report the number of TPs for the gene-

variant association metrics, W’s; the genes with both non-zero   or W , ;W   and the genes 

with either non-zero   or W , .W   Again, the Cox.W method identified more TPs for each set 

of predictors than the Cox.no.W method. In addition, we can observe that WTP  is always higher 

than TP  for Cox.W, and this does not hold true for the Cox.no.W method. This indicates that our 

method favors those predictors that are biologically linked to the variant and that Cox.no.W picks 

up the genes regulated by the genomic variant just by chance. 
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Though the above-mentioned advantages of our proposed method, there are still some 

drawbacks. Specificity is relatively lower for Cox.W than for Cox.no.W as presented in Table 3. 

2. Also, the number of selected predictors (genes) is higher for Cox.W. But this elevation in the 

number of selected genes can give a good explanation for the higher ability of Cox.W to identify 

TPs over Cox.W, since the later usually ignores most of the TPs in the model and lacks the ability 

to identify them. 

 

Table 3. 2. Comparison between the two methods: Cox.W (including information of the genomic variant domain) and 

Cox.no.W (the regular Cox model excluding the variant information). For each performance metric, the first row is 

the mean (except for C-Index where the median is presented) and the second row is the standard deviation 

  Method C-Index Sensitivity Specificity 
# Selected 

Gens 
# FPs FDR 

0.1 

Cox.W 
0.544 

0.031 

0.31 

0.218 

0.808 

0.17 

101.44 

86.82 

86.22 

76.58 

0.834 

0.073 

Cox.no.W 
0.549 

0.035 

0.09 

0.12 

0.914 

0.114 

42.02 

57.44 

37.62 

51.5 

0.891 

0.06 

0.3 

Cox.W 
0.555 

0.115 

0.267 

0.202 

0.833 

0.159 

88.16 

81.03 

74.79 

71.67 

0.824 

0.075 

Cox.no.W 
0.547 

0.027 

0.087 

0.115 

0.926 

0.116 

36.98 

57.88 

33.06 

52.55 

0.891 

0.064 

0.5 

Cox.W 
0.543 

0.033 

0.287 

0.221 

0.823 

0.183 

93.92 

92.39 

81.16 

82.53 

0.817 

0.094 

Cox.no.W 
0.537 

0.032 

0.109 

0.138 

0.911 

0.131 

44.74 

65.62 

39.71 

59.06 

0.873 

0.071 

0.7 

Cox.W 
0.556 

0.042 

0.262 

0.219 

0.828 

0.185 

90.21 

93.93 

77.06 

83.53 

0.817 

0.111 

Cox.no.W 
0.552 

0.036 

0.107 

0.163 

0.903 

0.162 

48.11 

80.94 

43.26 

73.23 

0.894 

0.067 

0.9 

Cox.W 
0.567 

0.033 

0.236 

0.184 

0.861 

0.142 

74.76 

72.66 

62.92 

64.04 

0.801 

0.101 

Cox.no.W 
0.558 

0.032 

0.088 

0.102 

0.928 

0.101 

36.16 

50.09 

32.36 

45.34 

0.895 

0.063 



60 

 

Table 3. 3. Comparing the number of true positives (TPs) identified by each of the two methods: Cox.W and 

Cox.no.W. The true positives are in terms of the regression coefficients, ' ;s  the gene-variant association terms ' ;W s  

the genes with both non-zero   or W , ;W   and the genes with either non-zero   or W , W   

  Method 
TP  

(out of 50) 

WTP  

(out of 50) 

WTP  

(out of 30) 

WTP  

(out of 70) 

0.1 

Cox.W 
15.53 

10.9 

17.38 

12.03 

10.89 

7.53 

21.92 

15.45 

Cox.no.W 
4.78 

6.33 

4.7 

6.8 

3.21 

4.35 

6.29 

8.74 

0.3 

Cox.W 
13.37 

10.13 

15.56 

11.64 

9.97 

7.23 

18.95 

14.45 

Cox.no.W 
4.35 

5.76 

4.17 

5.91 

3.16 

3.64 

5.81 

8.13 

0.5 

Cox.W 
14.38 

11.05 

17.26 

12.53 

11.12 

7.56 

20.74 

15.92 

Cox.no.W 
5.47 

6.91 

5.02 

6.44 

3.51 

4.03 

6.87 

9.25 

0.7 

Cox.W 
13.14 

10.99 

15.34 

12.14 

9.64 

7.11 

19.02 

15.95 

Cox.no.W 
5.37 

8.18 

5.59 

8.79 

3.81 

5.42 

7.02 

11.53 

0.9 

Cox.W 
11.84 

9.21 

15.54 

11.58 

9.42 

6.96 

17.96 

13.78 

Cox.no.W 
4.41 

5.13 

4.52 

5.12 

3.11 

3.11 

5.88 

7.24 

 

 

3.4. Real Data Analysis 

We applied the proposed technique on two cancer types, ovarian serous 

cystadenocarcinoma (OV) and glioblastoma multiforme (GBM), from the TCGA Pan-Cancer 

Survival Prediction Challenge project (Yuan, et al., 2014). The project homepage can be accessed 
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in Synapse (doi:10.7303/syn1710282). For each cancer type, we used different types of data: 

survival, clinical, and molecular. Survival data include entries about survival and censoring times 

for each patient, while examples of clinical data are age, gender, stage, and grade. We used two 

molecular data types: mRNA expression (Agilent 244K Custom Gene Expression G4502A 

platform with 60608 probes representing 17813 genes for both cancers) and somatic CNAs 

(Affymetrix Genome-Wide Human SNP Array 6.0). For the OV cancer, we have 108 regions with 

CNAs, and for the GBM cancer, we have 106 regions. After segmenting regions harboring copy 

number changes, the gain and loss levels were identified using the GISTIC technique (Mermel, et 

al., 2011), and then expressed as a ratio of log2 (sample intensity/reference intensity) (Zhao, et al., 

2015). The total number of patients who have the three data types (survival, clinical, and 

molecular) is 379 for OV and 210 for GBM. Table 3. 4 gives a summary about the two cancer 

datasets. 

Some measurement values were missed for only the gene expression data type. We used 

data imputation to account for these missed values. For the OV cancer gene expression matrix, 

where there are 379 subjects with 17813 genes each, we have 535 cells with missed values 

(0.0079%); while for the GBM cancer, 210 x 17813, we miss values for 174 cells (0.0046%). Any 

missed value was replaced by the median of the subjects’ values for that gene. 

 

Table 3. 4. Clinical Information of the OV and GBM Datasets 

Cancer Type OV GBM 

Number of Patients 379 210 

Overall Survival (months) 0.3 – 182.67 0.1 – 129.33 

Median of survival (months) 29.13 9.58 

Alive 179 (47.23%) 65 (30.95%) 

Dead (event rate) 200 (52.77%) 145 (69.05%) 

Age at Diagnosis (years) 26 - 89 10 - 89 

Male / Female 0 / 379 128 / 82 

http://dx.doi.org/10.7303/syn1710282
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Each dataset was divided 100 times into exclusive two partitions. The first one (80% of the 

samples) is used for training the model, and the second partition (20 % of the samples) is used for 

testing the model prediction power after selecting the penalty parameters values through 3-fold 

cross validation on the training part. Figure 3. 2 shows the prediction power of the three methods: 

Cox.W, our proposed method; Cox.no.W, the classic Cox model without integrating the 

mechanistic model and the clinical model; Cox.no.W.CNA, the classical Cox model where the 

variant data are concatenated to the model simply to form a multivariable survival regression 

model. C-indexes are shown for both the OV cancer and the GBM cancer. It is clearly seen that 

Cox.W has higher C-Index (higher prediction power) over the other two methods. The 

 

Figure 3. 2. Box plots of the C-Indexes for each survival prediction method coming from 100 random divisions 

of the OV GBM cancers datasets. The blue horizontal dotted line represents prediction value based on total 

random guess 
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performance difference between Cox.no.W and Cox.no.W.CNA is so slight, and both show poor 

performance as they are close the C-Index value of total rand guess: 0.5. The median C-Indexes 

for the OV cancer are 0.603, 0.538, and 0.541 for Cox.W, Cox.no.W, and Cox.no.W.CNA, 

respectively. The median C-Indexes for the GBM cancer are 0.561, 0.539, and 0.538 for Cox.W, 

Cox.no.W, and Cox.no.W.CNA. 

Figure 3. 3 shows the paired difference between Cox.W and the other two methods. In 

addition, the Wilcoxon signed rank test p-value is reported underneath each box plot as an 

indication of the significance of the paired difference between our method and each of the two 

 

Figure 3. 3. Box plots of the paired C-Indexes difference between GEMPS and each other technique for the OV 

and GBM cancers. Underneath each box plot is the p-value of the Wilcoxon signed rank test for the paired 

difference significance. The blue horizontal dotted line represents the value of zero difference. 
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other methods. The paired difference is statistically significant for all the four pairs of differences, 

which points out to the superiority of Cox.W over Cox.no.W and Cox.no.W.CNA. 

To assess the relationship between the regression coefficients, 
, ,s  of the picked up genes 

and their corresponding W’s for the two methods Cox.W and Cox.no.W, we plot the scatter plot 

of W and   for the two methods in Figure 3. 4 and Figure 3. 5 for the OV cancer and the GBM 

 

Figure 3. 4. Scatter plot for the picked up ,
s and their corresponding W’s for the OV cancer. The top panel is for 

the method Cox.W, while the bottom panel is for the method Cox.no.W 
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cancer, respectively. We plot the scatter plot of both Cox.W and Cox.no.W using the same scale 

to make visual comparison easier. We can see that, for both cancers, Cox.W spans wider range for 

W and the regression coefficients of the picked up genes are higher than those coefficients selected 

by Cox.no.W. The higher the survival regression coefficient is, the larger the effect it has on 

survival. This supports our postulate that Cox.W favors the genes that are highly associated with 

survival, and at the same time, are highly influenced by the genomic variants. Moreover, genes 

selected by Cox.W tend to have relatively higher regression coefficient if they have large W value, 

which is not the case for genes selected by Cox.no.W, where the coefficient is usually small. 

 

Figure 3. 5. Scatter plot for the picked up ,
s and their corresponding W’s for the GBM cancer. The top panel is 

for the method Cox.W, while the bottom panel is for the method Cox.no.W 
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Away from the survival regression coefficients values, we notice that Cox.W tend to pick 

up genes with higher W values than those selected by Cox.no.W. Figure 3. 6 shows the cumulative 

distribution function (CDF) for the W values of the selected genes. In large portions of the CDF 

graphs, we can see that for the same percentile, CDF will be higher for Cox.no.W than for Cox.W. 

Similar conclusions could be drawn from the histograms of the two methods Cox.W and Cox.no.W 

for the two cancers: OV and GBM, as shown in Figure 3. 7 and Figure 3. 8, respectively. 

Histograms are relatively thicker rightwards in Cox.W than in Cox.no.W. 

 

Figure 3. 6. The cumulative distribution function (CDF) of the W values picked up by Cox.W and Cox.no.W. The 

top panel is for the OV cancer and the bottom panel is for the GBM cancer 
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Figure 3. 7. Histogram distribution for W values selected by Cox.W and Cox.no.W for the OV cancer 

 

 

Figure 3. 8. Histogram distribution for W values selected by Cox.W and Cox.no.W for the GBM cancer 
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3.5. Discussion 

In this study, we present a mathematically principled framework for regularizing the Cox’s 

proportional hazards model. The regularization process is more biologically oriented by 

incorporating information about the regulatory relationship genomic variants might have on gene 

expression levels into the penalization function used to regularize the Cox model. To the best of 

our knowledge, our proposed technique is the first one to link the clinical model (transcriptomic 

(mRNA) and survival data) to the mechanistic model (transcriptomic (mRNA) and genomic 

(CNAs) data) for the application of survival analysis using the Cox proportional hazards model. 

The proposed model preserves the biological hierarchy from DNA to RNA, where RNA 

transcripts are considered as an intermediate layer mediating the effects caused by the genomic 

variants to the phenotype layer represented here in the form of survival times. We combine the 

upstream cause (DNA variants), the downstream effect (gene expression dysregulation), and the 

final disease outcome (survival) in a single model. Through this model, we develop the regulator-

target gene relationship to a new one: regulator-target-outcome relationship of a disease. The latter 

relationship can pave new clinical avenues for characterizing tumors by linking genetics to the 

clinical studies outcomes. 

Through a simulation study and analysis of two real data sets with cancers of the types 

ovarian and glioblastoma multiforme, the proposed method showed better performance in terms 

of selecting the true predictors and achieving better survival prediction. The proposed technique 

provides a method that is biologically and statistically plausible to pick up the predicting features 

and that is giving insightful and meaningful interpretability to the selected model due to biological 

linking of the mechanistic model and the clinical model. When compared to the method of adding 

the genomic variants as additional covariates to the Cox model to form a multivariable regression 

model, the proposed method performed better. This supports our principle of preserving DNA 

hierarchy from DNA to RNA, and that genomic variants do not affect disease outcomes directly, 

but they work through a mediator, the mRNA transcripts, to mediate their effects downstream to 

the disease outcome. 

A more comprehensive picture about tumor characterization can be depicted by identifying 
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the pathways associated with selected genes at augmenting different genomic variants instead of 

using only the copy number alteration. Future directions to develop this work can be in modifying 

the gene-variant association metric to include more than one genomic variant such as copy number 

alterations and sequence mutations (like point mutations for example). Epigenetic changes as DNA 

methylation can be one of the factors altering expression levels, and it would be beneficial to 

incorporate such information to build a wider picture about tumorigenesis and tumor 

characterization. 
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Chapter 4 - Enhancing the Convex Analysis of Mixtures Technique 

for Estimating DCE-MRI Pharmacokinetic Parameters 

 

 

 

4.1. Introduction 

Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) is a noninvasive imaging 

tool for quantification of microvascular structure and function (O'Connor, et al., 2012), with the 

goal of deriving some quantitative parameters that are related to the physiology of the region of 

interest and that are capable of describing the state of the microcirculation in that region (Sourbron 

and Buckley, 2012), in an aid to monitor disease progress and assess treatment response 

(Mehrabian, et al., 2013; O'Connor, et al., 2012). The concept of quantitative assessment of 

Dynamic Contrast-Enhanced (DEC) MRI data was first introduced through the work published 

mainly by Larsson, Tofts, Brix and their colleagues in a step to assess the blood-brain barrier 

permeability in the very early nineties (Sourbron and Buckley, 2012). 

A tracer, contrast agent (CA), is injected and its concentration is monitored through time. 

A set of series of T1-weighted MRI images are taken before and after the injection to observe the 

concentration uptake of the tissue as well as the concentration washout of the tissue (Tofts, et al., 

1999). 

Body fluid could be divided into that within the cells, and is called the intracellular fluid; 

and that outside the cells, and is called the extracellular fluid. The extracellular fluid is further 

divided into the plasma and the interstitial (extracellular extravascular) fluid. The plasma is the 

liquid fraction of the blood while the extracellular extravascular (EE) fluid lies outside the blood 

vessels and bathes the cells (Pocock and Richards, 2006). The Extracellular fluid is transported 

through all parts of the body in two stages. The first stage is movement of blood through the body 

in the blood vessels, and the second is movement of fluid between the blood capillaries and the 

extracellular spaces between the tissue cells (Guyton and Hall, 2006). 



71 

 

As blood passes through the blood capillaries, continual exchange of extracellular fluid 

also occurs between the plasma portion of the blood and the fluid in the extracellular extravascular 

space (Huang, et al.). The walls of the capillaries are permeable to most molecules in the plasma 

of the blood, with the exception of the large plasma protein molecules. Therefore, large amounts 

of fluid and its dissolved constituents diffuse back and forth between the blood and the tissue 

spaces. This process of diffusion is caused by kinetic motion of the molecules in both the plasma 

and the EE fluid (Guyton and Hall, 2006). The CA in injected in the blood and the tissue can 

uptake it and wash it out. 

The presence of the tracer enhances the signal by increasing its strength. Actually, the 

measured signal is not the concentration, but the concentration effect on the T1 value (longitudinal 

relaxation time) that is the time constant which determines the rate at which the excited tissue 

protons by the applied magnetic field of the MRI machine return to equilibrium. Therefore, there 

should be a model that relates the measured signal to the concentration signal and to the 

physiological characteristics of the tissue under scan. The most common and widely used model 

is the Tofts model (TM) (Sourbron and Buckley, 2011). This model is shown in Figure 4. 1 for a 

 

Figure 4. 1. A two-compartmental standard Tofts Model for blood distribution within a tissue or a region of 

interest (ROI) 
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system of two compartments for distributing the MR tracer. The first compartment is the plasma 

compartment and the second one is the extracellular extravascular space compartment (Huang, et 

al.). Table 4. 1 shows the quantities used in the Tofts Model, their definition, and their units. 

Both compartments lie within the same region of interest (ROI) [grey rectangle in Figure 

4. 1] for which the concentration-time curves are measured. First, the tracer enters the plasma 

compartment carried by the plasma flow 𝐹𝑝. A fraction of the plasma tracer is extracted and enters 

the EES compartment with a transfer constant 𝐾𝑡𝑟𝑎𝑛𝑠. Then, the tracer is extracted from the EES 

and re-enters the plasma with a tissue rate constant 𝑘𝑒𝑝. 

The leakage from the capillaries into the EES is diffusive and hence reversible. The tracer 

uptake rate in a tissue j is proportional to the difference in concentrations between the plasma 

concentration (𝐶𝑝) and the EES concentration of the tissue (𝐶𝑒) and is given by: 

Table 4. 1. Definitions and units of the quantities used in the Tofts Model for distribution of blood between 

compartments within a region of interest (ROI) 

Quantity Definition Unit 

𝐶𝑝 Tracer concentration in arterial blood plasma mM: mmole/liter 

𝐶𝑒 Tracer concentration in EES mM 

𝐶𝑗 Tracer concentration in tissue mM 

𝑉𝑝 Total blood plasma volume ml 

𝑉𝑒 Total EES volume ml 

𝑉𝑗 Total tissue volume ml 

𝑣𝑝 Blood plasma volume per unit volume of tissue: 𝑉𝑝/𝑉𝑗 none 

𝑣𝑒 EES volume per unit volume of tissue: 𝑉𝑒/𝑉𝑗 none 

𝐾𝑡𝑟𝑎𝑛𝑠 
Transfer constant: volume transfer constant between 

blood plasma and EES 
𝑚𝑖𝑛−1 

𝑘𝑒𝑝 
Rate constant: rate constant between EES and blood 

plasma 
𝑚𝑖𝑛−1 
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where 𝐾𝑡𝑟𝑎𝑛𝑠 is the constant of proportionality and is called the transfer constant. The TM assumes 

that the contribution of the intravascular tracer to the tissue concentration is negligible, and in this 

case: 

 j e eC v C  (4. 2) 

where 𝑣𝑒 is the fractional volume of the EES in the tissue. Hence, 
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The solution of the above equation gives: 
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 where ⨂ is the convolution operator, and 𝑘𝑒𝑝 is the rate constant and it is related to 𝐾𝑡𝑟𝑎𝑛𝑠 by 𝑘𝑒𝑝 

= 𝐾𝑡𝑟𝑎𝑛𝑠/𝑣𝑒. 
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4.2. Partial Volume Effect 

There is substantial evidence that tumors are heterogeneous, not only on the genetic level, but also 

on the histopathological level as well (Davnall, et al., 2012). Deep sequencing has revealed the 

presence of intratumor genetic/epigenetic heterogeneity in many cancer types (Gerlinger, et al., 

2012; Shibata, 2012). Noticeable phenotypic variability has been discovered as a consequence of 

the above heterogeneity such as variation in the cellularity, induction of angiogenesis, and the 

ability to survive therapy (Kreso, et al., 2013; Marusyk, et al., 2012; Yuan, et al., 2012). 
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Specifically addressing angiogenesis, advanced breast tumors depict angiogenesis heterogeneity, 

where active angiogenesis usually take place at the peripheral ring of the tumor leaving the inner 

core usually with hypoxia. Overexpression of the vascular endothelial growth factor (VEGF) 

protein is usually associated with diseases such as the breast cancer. Solid tumors cannot grow 

beyond a limited size without adequate blood supply. Breast cancer is documented to be 

characterized by overexpressed VEGF. The tumor neovasculature is abnormal in terms of leaky 

vessels, tortuous structure, and dead ends. This characterizes the outer regions of the tumor that 

have neovasculature with a rapid enhancement and a gradual washout pattern. At the time when 

tumor grows out, it demands higher blood supply, and this leaves the inner region of the tumor 

with remarkably lower blood flow and oxygen concentration. In turn, this characterizes the tumor 

inner core with a slower accumulation and a minimum washout pattern (Chen, et al., 2011). The 

above is an example of spatial heterogeneity in tumor tissues within a single region of interest 

(ROI) of scanning. In addition, a more heterogeneous tumor is more likely to fail therapy due to 

increased drug-resistant variants. DCE-MRI is a noninvasive tool to quantify tumor vasculature 

based on contrast accumulation and washout patterns. 

However, due to the discrete nature and finite bandwidth of image acquisition systems, a 

partial-volume effect (PVE) problem occurs, which is the result of signals from two or more tissues 

combining together to produce a single image concentration value within a pixel/voxel (Gutierrez, 

et al., 2007; Kim, et al., 2012), with the effect of inaccurate estimation to the values of the 

pharmacokinetic parameters (Mehrabian, et al., 2013). 

The approaches to overcome the Partial Volume Effect (PVE) problem could be grouped 

mainly into two categories: the whole image approach and the regional image approach. In the 

first approach, a whole-image partial volume corrected (PVC) image is produced. This may 

include the joint use of multimodality images (anatomical and functioning images), or the use of 

convolving the image with a new modeled Point Spread Function (PSF) to reconstruct the image 

with better resolution. The regional approach produces regional PVC images, in which a parameter 

of interest is only corrected in a pre-determined region (Gallivanone, et al., 2011; Spinelli, et al., 

2008). 

In (Li, et al., 2009), PVE hindered the accurate segmentation in the brain MRI images. The 
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authors proposed an unsupervised algorithm by developing a fuzzy Markov Random Field (MRF) 

model. Medical images behave fuzziness duo to PVE artifacts, so they use the fuzzy-set theory to 

compute the membership values that represent partial volume proportions of each pure tissue. 

However, the conventional fuzzy segmentation fails to associate the spatial information of the 

image leading to aberrant consequences in the case of dealing with low signal-to-noise ratio (SNR) 

MR images. On the other hand, the MRF segmentation has been successfully applied to this issue 

in the presence of noise by taking into account a priori knowledge of the spatial correlations of the 

image using Gibbs distribution and maximum a posteriori (MAP). But, there are still problems 

associated with MRF, such as the difficulty in dealing with fuzzy characteristics of images. This 

study attempts to introduce the notion of fuzzy membership to the conventional MRF model, and 

therefore forms a Fuzzy Markov random field (FMRF) model. They applied the proposed method 

on simulated and real data and compared the results against those coming from a conventional 

fuzzy segmentation and a conventional MRF segmentation. Results show that the FMRF model is 

simple and as fast as the conventional fuzzy segmentation, but produces more accurate 

segmentation with different noise levels. 

In (Tang, et al., 2008), the authors try to classify each voxel in CT uroscan (renal) images 

based on intensity only. But, due to PVE, the object boundary voxels’ values are usually the 

combination of two materials, which leads to misclassification at the object boundaries. They used 

a Gaussian mixture model to represent the distribution of voxels' values. Their proposed method 

depends on a principle of material continuity. Usually the material is continuous, so that it is natural 

to have the idea that for each voxel, the probability of the kth class should be affected by the 

neighbors’ kth class probabilities. They followed the assumption of current voxel’s kth class 

probability magnifies if the neighbors’ kth class probabilities tend to 1; current voxel’s kth class 

probability decreases if the neighbors’ kth class probabilities tend to 0. In summary, the model is 

that the voxels’ intensity vectors follow the Gaussian mixture distribution and the classes 

distribution on each voxel is affected by its neighbors’ class probability distributions so that a 

weight is used to describe this property. The mixture parameters are found by EM algorithm. 

Experiments on both synthetic and real data show that this Gaussian mixture model improvement 

is less affected by noise and gives better classification results. 

In (Figueiras, et al., 2009), the authors developed a Mutual Multi-resolution Approach 
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(MMA) to overcome the PVE. The high frequency information of an anatomical image (MRI in 

this study) is introduced into the functional image (PET image) in order to achieve a higher 

resolution functional image and to decrease PVE. However, the anatomical details (high frequency 

MRI wavelet coefficients) cannot be directly replaced into the functional image since they do not  

have  the  same  spatial  resolution  neither  the  same  wavelet coefficient intensities. The process 

relies on a wavelet-based image merging, and aims at detecting, modifying, and incorporating 

high-resolution details of the MRI into the PET. The algorithm was implemented based on the 

decomposition of two co-registered PET and MR images using a three-dimensional Discrete 

Wavelet Transform (3D DWT) and on both wavelet coefficient energies. Although this study 

showed some encouraging results, but the MMA  method has its own limitations, since an optimal 

co-registration between the functional and the anatomical images is mandatory, and sometimes it 

is difficult to achieve because of patient physiological motion as well as patient uncontrollable 

movement during image acquisitions. 

In (Gallivanone, et al., 2011), the authors developed a method to correct PVE regionally, 

for each lesion separately by computing some PET/CT combined value metrics. This approach has 

some advantages like not needing to estimate the actual lesion volume, which means no need for 

image segmentation or registration. However, the disadvantages include the need for joint use of 

multimodality images (PET and CT), the need for a different image analysis for each lesion, and 

being valid only for spherical and homogenous lesions. 

In (Cai, et al., 2012), PVE and tagging inhomogeneity are two major causes of artifacts in 

electronic cleansing (EC) for fecal-tagging CT colonography. The authors tried to use a geometric 

method based on a barycentric coordinate system to decompose each voxel into a mixture of the 

constituting tissue types. Results showed that this approach is powerful in overcoming the PVE. 

The approach of modeling the PSF of the imaging modality scanner is conducted in the 

experiments of (Gutierrez, et al., 2007; Spinelli, et al., 2008; Szanda, et al., 2011). The main 

drawback of this approach is that it is a scanner-dependent and does not provide a generic solution 

to the PVE problem. 

In summary, the above techniques have a number of limitations. The need for 

multimodality images to jointly analyze images such as in the case of incorporating anatomical 
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and functional images (MRI and CT). This approach mandates patients to undergo different scans 

and subsequently registration of these different images, which in most cases result in inaccurate 

analysis due to the different resolution of each imaging modality and due to the infeasible perfect 

registration. In addition, some techniques are so specific to their experiment parameters and 

circumstances and lack generic solution due to being a database-dependent or a modality image 

scanner-dependent. Results are not reproducible and can have high variability if only the database 

was changed, while the imaging modality was kept constant in the different datasets. Thus, the 

need for an approach to mitigate the PVE problem with the favorite characteristics of generality, 

theoretical identifiability, demand of a single modality images, and biological, insightful reasoning 

is apparently demanded. 

A multi compartmental modeling technique based on convex analysis of mixtures (CAM-

CM) (Seoane, et al.) (Chen, et al., 2011) has been proposed to mitigate the PVE problem, in which 

the kinetics in each pixel is expressed as a nonnegative mixture of the cofounding tissues 

(compartments) within a tumor site or in a certain region of interest (ROI). Figure 4. 2 illustrates 

the main concept of the CAM-CM technique. CAM-CM clusters pixels into a finite set of groups 

distributed within a simplex, with the simplex corners (vertices) being occupied by pure-volume 

pixels (pixels of just one tissue type that are PVE-free). Then, CAM-CM technique identifies these 

 

Figure 4. 2. A simple illustration for the CAM-CM technique with three compartments (tissues). The green, red, 

and blue vertices represent pure-volume pixels. The black stars inside the simplex represent partial-volume pixels 
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pure-volume pixels, estimates the kinetic parameters values from these pixels, ignores the pixels 

residing inside the simplex, and considers them as contaminated pixels with the PVE. The type of 

the simplex and hence the number of its vertices is determined based on the number of pure-volume 

compartments in the region under investigation. In our study, we have three compartments. The 

first one is the input plasma concentration. The second and the third tissues are the fast flow and 

the slow flow ones. A typical graph of the concentration time-series for a tumor site with three 

underlying tissues is shown in Figure 4. 3. These three compartments are the plasma input, the 

slow flow compartment, and the fast flow compartment. It is clearly seen that the concentration of 

the fast flow tissue fades faster than that of the slow flow tissue over time. 

Deeper analysis of CAM-CM performance showed that it does not identify all the pure-

volume pixels, and roughly speaking, its performance goes in either direction of these two ones 

based on the level of noise in the images: 

 At low noise levels, CAM-CM gets a smaller number of pixels- sometimes just one pixel- 

of each tissue type and defines them as pure-volume pixels. This means that there are many 

other pure-volume pixels defined as pixels with PVE (Figure 4. 4 (A)). 

 At high noise levels, CAM-CM gets a larger number of pixels- sometimes larger than the 

 

Figure 4. 3. A typical graph of the concentration time-series for a tumor site with three tissues (compartments). The 

blue curve is the plasma input. The solid red curve is for the fast flow tissue, while the dotted red curve is for the 

slow flow tissue. 
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number of all the ground-truth pure-volume pixels- and defines them as pure-volume 

pixels. This means that a number of pixels with PVE are mistakenly defined as pure-

volume pixels, and also there may be some missed pure-volume pixels (Figure 4. 4 (B)). 

 

 

Figure 4. 4. The effect of noise on performance of CAM-CM. (A) Low noise level results in underestimating the 

pure-volume pixels. (B) High noise level results in misclassifying and overestimating the pure-volume pixels 
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In this study, we propose two enhancements over the original CAM-CM technique as an 

attempt to identify the pure-volume pixels precisely. The first enhancement is to incorporate 

problem-domain information by computing the probabilistic memberships of each compartment 

at each pixel taking into account the neighborhood effect around that pixel. The second 

modification is to use the barycentric coordinate system (BCS) to get the contribution of each 

compartment for each pixel confined by the simplex convex hull aiming at minimizing false 

negatives. 

4.3. Methods 

A main step of the CAM-CM technique to reduce the impact of noise/outlier data points and the 

computational complexity is to apply a multivariate pixel clustering, based on the standard finite 

normal mixtures (SFNM) with estimating its parameters using the expectation-maximization (EM) 

algorithm, to cluster the normalized pixel time series into a set of clusters that could be represented 

by: 

 , , ,

1 1

( ( )) ( ( ) | , ) ( ( ) | , )
J M

m m X m m X m X m

m m J

p X i g X i g X i   
  

      (4. 6) 

where the first term corresponds to the clusters of pure volume pixels (m = 1, … , J), the second 

term corresponds to the clusters of partial volume pixels ( m = J + 1, … , M), M is the total number 

of pixel clusters, ( )X i  is the normalized concentration at pixel i, m  is the mixing factor, g(.) is 

the Gaussian kernel, m is the mean vector of the mth pure tissue compartment, ,X m and ,X m

are the mean vector and covariance matrix of cluster m, respectively. 

4.3.1. Neighborhood Weighted SFNM 

In the case under this study, the tissue pixels have three classes (compartments). They are the 

plasma input, fast flow, and slow flow. It was reported in (O'Connor, et al., 2012) and (Chen, et 

al., 2011) that the pixels of the fast flow class are found in the peripheral "rim" region of the tumor, 

and the slow flow class pixels are found in the inner "core" of the tumor. This could give an 
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indication about the continuity (adjacency) of the pixels forming each class. But, due to the PVE, 

concentration signals at some pixels may come from different compartments. Depending on a 

principle that the material is continuous, so it would be natural to have the idea that the probability 

of the mth class of a pixel should be affected by the neighbors’ mth class probabilities (Tang, et 

al., 2008). This means that the current pixel’s mth class probability magnifies if the neighbors’ mth 

class probabilities tend to 1, and that it decreases if the neighbors’ mth class probabilities tend to 

0. 

We use the EM algorithm to estimate the model parameters , ,{ , , , }m X m X m m      in Eq. 

(4.6). At each complete cycle of the algorithm, we start with an “old” set of parameter values .  

We first use these parameters in the expectation step (E-step) to evaluate the posterior probabilities 

imz  at each pixel i and for cluster m using Bayes theorem. 

 , ,

, ,1

( ( ) | , )
, {1,..., }

( ( ) | , )

m X m X m

im M

m X m X mm

g X i
z m M

g X i

 

   


 


 (4. 7) 

  

Incorporating the principle of material continuity affects the posterior probability in Eq. 

(4.7) by introducing a new term (W) representing the neighborhood effect: 

 , ,

, ,1

( ( ) | , )

( ( ) | , )

m im X m X m

im M

m im X m X mm

W g X i
z

W g X i

 

    





 (4. 8) 

  

where imW  is the neighborhood weight computed at pixel i for cluster m, and is governed by: 

 
1 i

Q

q mq

im

z
W

Q





 (4. 9) 

where Q is the number of pixels in a set of neighborhood of the ith  pixel, and iq  denotes the qth 

neighbor’s concentration value of the ith pixel. The neighbor pixels were selected to be in a 

window of size 3 x 3 with the current pixel in the center of the window at the window coordinate 

(2, 2).  
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These posterior probabilities are then used in the maximization step (M-step) to obtain 

“new” values   using the following re-estimation formulas: 

 

1

1
,

1
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1
,

1

1
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im X m X m
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X m N

im

i

z
N

z X i

z

z X i X i

z





 















 

 











 (4. 10) 

where N is the total number of pixels in the ROI. 

With this step, each pixel is represented by a group of cluster centers (m cluster centers), 

with m association values to these clusters. Then, CAM proceeds by isolating the pure-volume 

clusters away from the partial-volume clusters through detecting the vertices (“corners”) of the 

convex hull that contains all the clusters. Each corner cluster represents the normalized time 

concentrations (TCs) of a single compartment, and these corner clusters represent the   term in 

Eq. (4.6), where 1 2{ , ,..., }J     and J is the total number of pure-volume compartments. 

After determining the pure-volume pixels, then CAM-CM has the probabilistic pixel 

memberships associated with the pure-volume compartments, ,ijz  for j = 1, … , J and i = 1, … , N. 

Plasma Concentration, 𝐶𝑝, is associated with the cluster of the fastest enhancement (reaching its 

peak most rapidly); 𝐶𝑗 (fast and slow flow concentrations) is associated with the cluster of jth tissue 

type. So, CAM-CM computes 𝐶𝑝 and 𝐶𝑗 by: 

 

1

1

1

1

( )

( )

N
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p N

iJi

N

ij measuredi
j N

iji

z C i
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z

z C i
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 (4. 11) 
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 for j = 1, … , 𝐽 − 1, where 𝐶𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑(𝑖) is the concentration at pixel i. Compartment J is the 

plasma input. 

4.3.2. Barycentric Coordinate System 

The clusters inside the convex hull – non-corner clusters- are considered clusters of pixels 

with partial volume effect, where each pixel concentration value in these clusters is a mix of two 

or more of the pure-volume concentration values, and could be expressed as: 



1

( ) ( )
J

j j

j

X k k C


  (4. 12) 

 

where {{1,2,..., } \ },k K N P P   is the set of pure-volume pixels identified by CAM-CM till this 

step, j is the weight of the partial contribution of each pure-volume tissue ,jC  and 

 

1

( ) 1
J

j

j

k


  (4. 13) 

 In geometry, the barycentric coordinate system (BCS) is a coordinate system in which the 

location of a point in a simplex (triangle, tetrahedron, etc.) is specified as the center of mass of 

other masses placed at the simplex vertices (corners). Relying on the simplex constructed by CAM-

CM, we can get the contribution of each corner (pure-volume pixels) at each partial-volume pixel 

inside the convex hull. The coefficients j  are called the barycentric coordinate system of the 

CAM-CM simplex. The barycentric coordinate is not unique, but if the coefficients are restricted 

by Eq. (4.13), it will be unique (Cai, et al., 2012). 

Here is a simple example of getting the BCS for a triangular simplex where each data point 

is a sample of the space 2  in a Cartesian coordinate system (x, y). Suppose a point inside the 

simplex is ( , ),P x y  and the triangle vertices are ( , ),i i iC x y  {1,2,3},i  then 

1 1 2 2 3 3

1 1 2 2 3 3

x x x x

y y y y
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Substituting 3 1 21       in the above two equations, and rearrange: 

1 1 3 2 2 3 3

1 1 3 2 2 3 3

( ) ( )

( ) ( )

x x x x x x

y y y y y y

 

 

    

    
 

This could be written in a more compact linear transformation as: 

 3.H P C    (4. 14) 

where H is given by 

 1 3 2 3

1 3 2 3

( ) ( )
( ) ( )
x x x x

H
y y y y
      

 (4. 15) 

The matrix H is invertible since 1 3C C  and 2 3C C  are linearly independent to form a 

triangle. So, 

 

11
3

2

3 1 2

( )

1

H P C



  

    
 

  
 (4. 16) 

 

But for our case, where each data point is a sample of the space ,L
 where L is the total 

number of sampling time points, and is contaminated with some noise, the alphas could be obtained 

by solving the optimization problem: 

 
2( )

ˆ( ) arg min ( ) . ( )measured
i

k C k k


    (4. 17) 

. . 0 1js t    and 
1

1,
J

jj



  where ( )measuredC k  is the concentration at pixel k, and 

1 1{ ,..., , }J pC C C  is the Time Activity Curves (TACs) of the tissue types estimated by the 

original CAM-CM algorithm based on the pure-volume pixels on the convex hull vertices. 

The above technique is applied on all pixels (CAM-CM-identified pure-volume and partial-
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volume pixels). This has a two-fold purpose. First, the estimated alphas, ˆ ( ),k  could point out the 

pure-volume pixels that CAM-CM misses by extracting those pixels having very high contribution 

from one compartment and almost negligible contributions from the remaining compartments. By 

this, the CAM-CM problem of underestimating the true pure-volume pixels could be solved, or at 

least enhanced if the BCS could not accurately identify the remaining pure-volume pixels. Second, 

the CAM-CM-identified pure-volume pixels are tested to keep those strongly belonging to one 

compartment and discard the others. This could overcome the CAM overestimation problem.  

Then, TACs are recomputed via Eq. (4.11) using the pure-volume pixels determined by 

CAM and the BCS. The CAM then proceeds and computes the pharmacokinetic parameters 

𝐾𝑗
𝑡𝑟𝑎𝑛𝑠𝑎𝑛𝑑 𝑘𝑒𝑝,𝑗, 𝑓𝑜𝑟 𝑗 = 1, … , 𝐽 − 1. 

4.4. Results and Discussion 

To validate the proposed technique, a set of simulated DCE-MRI time series are 

synthesized by multiplying predefined local volume transfer constant maps ( )transK i  by known 

compartment time concentrations (TCs) , ,( , , ),ep f ep s pk k C  where ,ep fk  is the rate constant epk  for 

the fast flow tissue and ,ep sk  is the rate constant epk  for the slow flow tissue. Four different 

scenarios were obtained based on the different kinetic parameter values shown in Table I. The 

sampling rate was 𝑡𝑙 = 0.5(𝑙 − 1), where l is the number of the sampling time points (18 points 

in this experiment). A zero-mean Gaussian perturbation term and a zero-mean Gaussian noise were 

added to account for object variability and experimental noise, respectively. Results are repeated 

10 times to check for accuracy (biasing) and reproducibility (variability). 

Table 4. 2 shows the results on the pharmacokinetic parameters values computed by the 

original CAM-CM technique (CAM in the tables) and by CAM-CM with the neighborhood 

weighted SFNM enhancement (NWCAM). Out of 48 values (4 parameters of 4 scenarios, each 

with 3 different noise levels), NWCAM outperformed in 26 cases, CAM outperformed in 22 cases, 

from which 9 ones are within an error of 5 % relative to the NWCAM values. The Root Mean 

Square Error (RMSE: mean ± variance) for CAM is 0.05409 ± 0.00496 and for NWCAM is 

0.02926 ± 0.00187, which means that NWCAM is more accurate and more stable. 
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Table 4. 2. Kinetic parameter values estimated by CAM-CM (Seoane, et al.) and by the neighborhood weighted-CAM-

CM (NWCAM). The first row is the estimated value and the second row is the standard deviation 

Ground Truth 

SNR = 10 SNR = 15 SNR = 20 

CAM NWCAM CAM NWCAM CAM NWCAM 

S
ce

n
a
ri

o
 1

 

0.03 / mintrans

sK    
0.0321 

5.42E-06 

0.0306 

2.72E-06 

0.0291 

1.55E-06 

0.0391 

1.43E-06 

0.0281 

2.56E-06 

0.0389 

2.01E-06 

, 0.1/ minep sk    
0.0934 

5.24E-05 

0.0903 

2.55E-05 

0.1571 

2.40E-05 

0.1051 

1.68E-05 

0.1593 

2.02E-05 

0.1054 

1.64E-05 

0.03 / mintrans

fK    
0.0313 

6.83E-06 

0.03 

3.77E-06 

0.0307 

1.59E-06 

0.0395 

1.36E-06 

0.03 

4.43E-07 

0.0392 

1.11E-06 

, 0.5 / minep fk    
0.4626 

1.35E-04 

0.4642 

9.47E-05 

0.4866 

4.11E-05 

0.519 

1.99E-05 

0.5002 

1.17E-05 

0.5193 

1.73E-05 

S
ce

n
a
ri

o
 2

 

0.03 / mintrans

sK   
0.0288 

3.86E-06 

0.0364 

4.19E-06 

0.0337 

8.36E-06 

0.0329 

1.65E-06 

0.0292 

5.66E-06 

0.0369 

1.16E-06 

, 0.1/ minep sk   
0.0972 

4.11E-05 

0.0702 

2.92E-05 

0.1966 

9.52E-05 

0.1047 

1.73E-05 

0.1849 

6.44E-05 

0.1014 

8.18E-06 

0.05 / mintrans

fK   
0.0475 

7.07E-06 

0.0633 

1.01E-05 

0.0579 

8.85E-06 

0.0556 

3.02E-06 

0.0499 

1.22E-06 

0.0619 

1.45E-06 

, 1.2 / minep fk   
1.1628 

2.98E-04 

1.1803 

3.53E-04 

1.262 

3.14E-04 

1.2483 

1.55E-04 

1.1977 

4.10E-05 

1.2224 

4.42E-05 

S
ce

n
a
ri

o
 3

 

0.06 / mintrans

sK   
0.0798 

1.44E-05 

0.0858 

4.17E-06 

0.1082 

9.75E-06 

0.0831 

2.71E-06 

0.0615 

1.82E-06 

0.0602 

2.52E-06 

, 0.5 / minep sk   
0.6227 

1.52E-04 

0.5179 

4.61E-05 

0.5339 

5.39E-05 

0.5491 

2.72E-05 

0.5036 

1.70E-05 

0.5038 

2.76E-05 

0.05 / mintrans

fK   
0.0713 

5.07E-06 

0.0722 

5.91E-06 

0.0923 

6.33E-06 

0.0701 

1.17E-05 

0.0512 

3.89E-06 

0.05 

3.61E-06 

, 1.2 / minep fk   
1.2470 

1.76E-04 

1.2558 

1.53E-04 

1.3294 

1.43E-04 

1.3415 

4.42E-04 

1.2075 

1.27E-04 

1.2035 

1.75E-04 

S
ce

n
a
ri

o
 4

 

0.05 / mintrans

sK   
0.0494 

3.93E-06 

0.0614 

1.07E-05 

0.076 

7.73E-06 

0.0655 

6.01E-06 

0.0658 

4.14E-06 

0.0498 

2.06E-06 

, 0.6 / minep sk   
0.5156 

3.82E-05 

0.5976 

1.49E-04 

0.6026 

8.09E-05 

0.6084 

9.31E-05 

0.6099 

5.07E-05 

0.5936 

3.97E-05 

0.08 / mintrans

fK   
0.0783 

1.51E-05 

0.1004 

8.46E-06 

0.1235 

1.16E-05 

0.1066 

7.74E-06 

0.1064 

6.97E-06 

0.0799 

4.94E-06 

, 1.5 / minep fk   
1.2696 

3.79E-04 

1.539 

2.30E-04 

1.5595 

2.44E-04 

1.5527 

1.83E-04 

1.5515 

1.89E-04 

1.4897 

1.27E-04 
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Table 4. 3. Kinetic parameter values estimated by CAM-CM (Seoane, et al.) and by CAM-CM employing the BCS 

(BCAM). The first row is the estimated value and the second row is the standard deviation 

Ground Truth 

SNR = 10 SNR = 15 SNR = 20 

CAM BCAM CAM BCAM CAM BCAM 

S
ce

n
a
ri

o
 1

 

0.03 / mintrans

sK    
0.0321 

5.42E-06 

0.0302 

6.88E-07 

0.0291 

1.55E-06 

0.0296 

1.59E-06 

0.0281 

2.56E-06 

0.0297 

1.32E-06 

, 0.1/ minep sk    
0.0934 

5.24E-05 

0.0971 

8.54E-06 

0.1571 

2.40E-05 

0.1087 

1.79E-05 

0.1593 

2.02E-05 

0.1064 

1.15E-05 

0.03 / mintrans

fK    
0.0313 

6.83E-06 

0.0299 

3.01E-06 

0.0307 

1.59E-06 

0.0300 

8.33E-07 

0.03 

4.43E-07 

0.0300 

6.84E-07 

, 0.5 / minep fk    
0.4626 

1.35E-04 

0.4874 

6.66E-05 

0.4866 

4.11E-05 

0.4997 

2.21E-05 

0.5002 

1.17E-05 

0.5002 

2.95E-02  

S
ce

n
a
ri

o
 2

 

0.03 / mintrans

sK   
0.0288 

3.86E-06 

0.0295 

1.55E-06 

0.0337 

8.36E-06 

0.0297 

2.23E-06 

0.0292 

5.66E-06 

0.0298 

2.52E-06 

, 0.1/ minep sk   
0.0972 

4.11E-05 

0.0976 

1.26E-05 

0.1966 

9.52E-05 

0.1090 

1.88E-05 

0.1849 

6.44E-05 

0.1085 

2.50E-05 

0.05 / mintrans

fK   
0.0475 

7.07E-06 

0.0495 

3.73E-06 

0.0579 

8.85E-06 

0.0500 

2.55E-06 

0.0499 

1.22E-06 

0.0499 

1.05E-06 

, 1.2 / minep fk   
1.1628 

2.98E-04 

1.2016 

1.86E-04 

1.262 

3.14E-04 

1.1989 

1.02E-04 

1.1977 

4.10E-05 

1.1977 

3.85E-05 

S
ce

n
a
ri

o
 3

 

0.06 / mintrans

sK   
0.0798 

1.44E-05 

0.0613 

1.73E-06 

0.1082 

9.75E-06 

0.0830 

2.64E-06 

0.0615 

1.82E-06 

0.0600 

1.28E-06 

, 0.5 / minep sk   
0.6227 

1.52E-04 

0.5036 

1.91E-05 

0.5339 

5.39E-05 

0.5341 

1.70E-05 

0.5036 

1.70E-05 

0.5008 

1.43E-05 

0.05 / mintrans

fK   
0.0713 

5.07E-06 

0.0515 

4.21E-06 

0.0923 

6.33E-06 

0.0699 

6.85E-06 

0.0512 

3.89E-06 

0.0500 

1.09E-06 

, 1.2 / minep fk   
1.2470 

1.76E-04 

1.1922 

1.42E-04 

1.3294 

1.43E-04 

1.2996 

2.31E-04 

1.2075 

1.27E-04 

1.2015 

1.49E-05 

S
ce

n
a
ri

o
 4

 

0.05 / mintrans

sK   
0.0494 

3.93E-06 

0.0499 

3.89E-06 

0.076 

7.73E-06 

0.0554 

2.93E-06 

0.0658 

4.14E-06 

0.0500 

1.31E-06 

, 0.6 / minep sk   
0.5156 

3.82E-05 

0.5979 

5.73E-05 

0.6026 

8.09E-05 

0.6060 

5.26E-05 

0.6099 

5.07E-05 

0.6002 

2.13E-05 

0.08 / mintrans

fK   
0.0783 

1.51E-05 

0.0796 

3.34E-06 

0.1235 

1.16E-05 

0.0889 

1.91E-06 

0.1064 

6.97E-06 

0.0800 

6.96E-07 

, 1.5 / minep fk   
1.2696 

3.79E-04 

1.5153 

1.43E-04 

1.5595 

2.44E-04 

1.5281 

6.07E-05 

1.5515 

1.89E-04 

1.4997 

3.95E-05 
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Table 4. 4. Kinetic parameter values estimated by CAM-CM (Seoane, et al.) by CAM-CM incorporating both the 

neighborhood weighted principle and the BCS (BNWCAM). The first row is the estimated value and the second row 

is the standard deviation 

Ground Truth 

SNR = 10 dB SNR = 15 dB SNR = 20 dB 

CAM BNWCAM CAM BNWCAM CAM BNWCAM 

S
ce

n
a
ri

o
 1

 

0.03 / mintrans

sK    
0.0321 

5.42E-06 

0.0302 

1.45E-06 

0.0291 

1.55E-06 

0.0303 

3.71E-07 

0.0281 

2.56E-06 

0.0303 

4.15E-07 

, 0.1/ minep sk    
0.0934 

5.24E-05 

0.0971 

1.41E-05 

0.1571 

2.40E-05 

0.1002 

5.41E-06 

0.1593 

2.02E-05 

0.1005 

5.13E-06 

0.03 / mintrans

fK    
0.0313 

6.83E-06 

0.0299 

2.89E-06 

0.0307 

1.59E-06 

0.0303 

1.75E-06 

0.03 

4.43E-07 

0.0303 

6.79E-07 

, 0.5 / minep fk    
0.4626 

1.35E-04 

0.4877 

5.45E-05 

0.4866 

4.11E-05 

0.5009 

3.72E-05 

0.5002 

1.17E-05 

0.5014 

1.49E-05 

S
ce

n
a
ri

o
 2

 

0.03 / mintrans

sK   
0.0288 

3.86E-06 

0.0298 

1.14E-06 

0.0337 

8.36E-06 

0.0300 

4.42E-07 

0.0292 

5.66E-06 

0.0300 

3.90E-07 

, 0.1/ minep sk   
0.0972 

4.11E-05 

0.0962 

1.30E-05 

0.1966 

9.52E-05 

0.0995 

3.31E-06 

0.1849 

6.44E-05 

0.0999 

3.71E-06 

0.05 / mintrans

fK   
0.0475 

7.07E-06 

0.0498 

3.00E-06 

0.0579 

8.85E-06 

0.0500 

2.56E-06 

0.0499 

1.22E-06 

0.0499 

1.23E-06 

, 1.2 / minep fk   
1.1628 

2.98E-04 

1.1886 

1.25E-04 

1.262 

3.14E-04 

1.1988 

8.98E-05 

1.1977 

4.10E-05 

1.1976 

4.18E-05 

S
ce

n
a
ri

o
 3

 

0.06 / mintrans

sK   
0.0798 

1.44E-05 

0.0621 

2.91E-06 

0.1082 

9.75E-06 

0.0610 

1.43E-06 

0.0615 

1.82E-06 

0.0600 

9.23E-07 

, 0.5 / minep sk   
0.6227 

1.52E-04 

0.4978 

4.15E-05 

0.5339 

5.39E-05 

0.5023 

1.49E-05 

0.5036 

1.70E-05 

0.5008 

9.95E-06 

0.05 / mintrans

fK   
0.0713 

5.07E-06 

0.0517 

3.90E-06 

0.0923 

6.33E-06 

0.0509 

2.86E-06 

0.0512 

3.89E-06 

0.0500 

1.20E-06 

, 1.2 / minep fk   
1.2470 

1.76E-04 

1.1914 

1.69E-04 

1.3294 

1.43E-04 

1.2044 

1.07E-04 

1.2075 

1.27E-04 

1.2015 

4.54E-05 

S
ce

n
a
ri

o
 4

 

0.05 / mintrans

sK   
0.0494 

3.93E-06 

0.0499 

2.62E-06 

0.076 

7.73E-06 

0.0503 

1.95E-06 

0.0658 

4.14E-06 

0.0500 

1.14E-06 

, 0.6 / minep sk   
0.5156 

3.82E-05 

0.5977 

3.21E-05 

0.6026 

8.09E-05 

0.5976 

3.09E-05 

0.6099 

5.07E-05 

0.6002 

1.72E-05 

0.08 / mintrans

fK   
0.0783 

1.51E-05 

0.0796 

3.22E-06 

0.1235 

1.16E-05 

0.0806 

2.83E-06 

0.1064 

6.97E-06 

0.0800 

1.18E-06 

, 1.5 / minep fk   
1.2696 

3.79E-04 

1.5118 

1.14E-04 

1.5595 

2.44E-04 

1.5005 

6.38E-05 

1.5515 

1.89E-04 

1.4997 

4.22E-05 

 



89 

 

As for the results of CAM and CAM with the Barycentric Coordinate System (BCAM), 

Table 4. 3 shows that out of 48 cases, BCAM outperformed CAM in all the cases. The RMSE for 

BCAM is 0.01689 ± 0.000819. Again, the RMSE for CAM is 0.05409 ± 0.00496. BCAM still 

shows better performance over the original CAM technique. After combining the two 

modifications of BCAM and NWCAM into BNWCAM, we obtained the results found in Table 4. 

4. The RMSE for BNWCAM is 0.00348 ± 0.000019. The last RMSE value says that BNWCAM 

has the most accurate and stable values compared to CAM, NWCAM, and BCAM. In particular, 

the RMSE for the estimation of 𝐾𝑠
𝑡𝑟𝑎𝑛𝑠 is 0.01748 ± 0.0004251 for CAM and 0.00069 ± 

0.0000009 for BNWCAM; of 𝑘𝑒𝑝,𝑠 is 0.06246 ± 0.0018024 for CAM and 0.00194 ± 0.0000009 

for BNWCAM; of 𝐾𝑓
𝑡𝑟𝑎𝑛𝑠 is 0.11802 ± 0.0004611 for CAM and 0.02949 ± 0.0000005 for 

BNWCAM; and of 𝑘𝑒𝑝,𝑓 is 0.08421 ± 0.0088077 for CAM and 0.00662 ± 0.0000085 for 

BNWCAM. 

Figure 4. 5(a) depicts the time concentration curves (TCs) for the simulated DCE-MRI data 

for scenario 2 with SNR = 15 dB. CAM-CM produced the TCs shown in Figure 4. 5(b), while 

Figure 4. 5(c) shows those produced by BNWCAM. It is clearly seen that BNWCAM TCs are 

closer to the ground truth curves. CAM-CM resulted in imperfect estimation of the kinetic 

parameters where the input plasma TC curve has a lower peak at the first few instances after 

injecting the contrast agent than the TC curve of the fast flow and slow flow compartments. 

The ground truth numbers of pure volume pixels for the three compartments are 159, 99, 

and 315 pixels. Table 4. 5 shows the number of pixels identified as pure-volume pixels after 

applying CAM, NWCAM, BCAM, and BNWCAM. These numbers indicate that BNWCAM has 

less variability in the number of pure-volume pixels at looking at it either horizontally (the same 

scenario with different noise levels) or vertically (the same tissue types, but with different kinetic 

parameter values), which means more robustness for identifying the pure-volume pixels and 

independency of noise and of kinetic parameters pattern. In addition, the differences between the 

estimated pure-volume pixels by CAM, NWCAM, BCAM, and BNWCAM in Table 4. 5 shows 

the ability of the two reported enhancements to overcome, to a very satisfactory degree, the two 

CAM problems of underestimating and overestimating the accurate number of pure-volume pixels, 

which has a direct reflection on the accuracy of parameters estimation as shown in Table 4. 4 and 

as reported in the RMSE values. 
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Figure 4. 5. Time concentration curves (TCs) of scenario 2 with SNR = 15 dB. (a) The ground truth TCs. (b) TCs 

after applying CAM. (c) TCs after applying BNWCAM 

 

Table 4. 5. The number of pure-volume pixels identified by each technique and their standard deviation (STD) 

across the different scenarios {S1, S2, S3, S4} and the different noise levels 

  S1 S2 S3 S4 STD 

SNR = 

10 dB 

CAM 317 317 500 469 97.53 

NWCAM 477 52 565 481 231.41 

BCAM 573 566 595 511 35.70 

BNWCAM 573 573 580 519 28.35 

SNR = 

15 dB 

CAM 858 925 444 342 292.08 

NWCAM 666 521 414 251 175.05 

BCAM 608 602 739 610 66.25 

BNWCAM 577 573 579 576 2.5 

SNR = 

20 dB 

CAM 956 955 549 577 226.89 

NWCAM 382 620 476 481 98.04 

BCAM 597 599 573 573 14.45 

BNWCAM 576 574 573 573 1.41 

STD 

CAM 344.14 360.01 52.53 117.62  

NWCAM 144.56 303.42 75.91 132.79  

BCAM 17.89 19.97 50.02 50.02  

BNWCAM 2.08 0.57 3.78 32.07  
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The proposed technique was applied on typical breast DCE-MRI case. The TCs are shown 

in Figure 4. 6(a) for CAM-CM, and Figure 4. 6(b) for BNWCAM. As for the numbers of pure-

volume pixels identified by CAM-CM, they are 15, 50, and 83 for the three tissue compartments; 

and they are 57, 169, and 170 for BNWCAM. The spatial distribution of the three compartments 

are shown in Figure 4. 7. These distributions conform with what was reported in (Chen, et al., 

2011; O'Connor, et al., 2012) that the pixels of the fast flow tissue are found in the peripheral "rim" 

region of the tumor, and the slow flow tissue pixels are found in the inner "core" of the tumor. 

 

 

Figure 4. 6. TCs for a typical breast DCE-MRI case. (a) CAM-CM and (b) BNWCAM 

 

 

Figure 4. 7. Spatial distribution of the (a) fast flow, (b) slow flow, and (c) the plasma input 
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4.5. Conclusion 

  This study provides an enhanced version of the CAM-CM technique used to estimate the 

pharmacokinetic parameters in the DCE-MRI images based on isolating and determining the pure-

volume pixels and ignoring the pixels with PVE. The enhancement was done through bringing two 

new approaches to the original technique. First, we employ problem-domain information, where, 

based on the assumption of material continuity and supported by literature evidences, each of the 

underlying heterogeneous tumor tissues does not exist largely scattered in the tumor site; but each 

tissue can form a connected region within the tumor location. For example, the fast flow tissue is 

usually found in the outer peripheral rim of the tumor due to the higher demand for blood supply 

in order to grow, while the slow flow tissue is usually found in the inner core of the tumor due to 

hypoxia and lack of enough blood supply (Chen, et al., 2011; O'Connor, et al., 2012). We use this 

principle of material continuity to compute the probabilistic memberships of each compartment at 

each pixel considering the neighborhood effect around that pixel. The second approach is to use 

the barycentric coordinate system to test the pixels residing inside the convex hull that are 

identified as pixels with PVE to reduce the CAM-CM technique false negatives. 

Tested on both simulated data and real DCE-MRI data, the enhanced version of CAM-CM 

(BNWCAM) achieved better performance with lower RMSE and less variability, and could depict 

the spatial distribution patterns of the fast flow and slow flow tissues. BNWCAM provides a tool 

for estimating the pharmacokinetic parameters of the tumor tissues to quantitatively assess 

angiogenesis and drug responsiveness and effectiveness without the need for augmenting the 

functional images with other anatomical images, and without any priori information about the 

imaging scanner.  
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Chapter 5 - Summary of Contribution and Future Work 

 

 

 

5.1. Contribution Summary 

In this dissertation, for the area of survival analysis, we proposed two techniques for 

integrating multiple genomic data with applications in survival analysis. The first technique is a 

data-driven one based on observations about two datasets of two cancer types: ovarian serous 

cystadenocarcinoma (OV) and glioblastoma multiforme (GBM). The second technique is not a 

data-dependent one and it follows a well principled mathematical framework for integrating the 

different genomic and clinical data types in one model. 

The major objectives of this work are summarized in the next points: 

1. Proposing methods to perform features selection for the different potential predictors of 

survival. The core principle of these techniques is to incorporate the biological domain in 

the selection process instead of relying on the power of the statistical inference alone. 

2. Integrating more than one genomic data type through a biologically insightful mechanism 

that benefits from the causal effect a regulator might have on a target gene. 

3. Linking the mechanistic model to the clinical model for feature selection and survival 

prediction. The mechanistic model describes the regulatory relationship among a variant 

and its target genes, while the clinical model defines the regression relationship between 

the target genes and the survivals. 

4. Developing the common regulator-target gene relationship to a new one: the regulator-

target-outcome relationship for a disease or a disorder.  

In the first technique, we propose a new method GEMPS to integrate gene expression and 

genetic variants in a data-driven yet biologically-informed way to predict the survival. Gene 
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expression is widely considered as an intermediate, heritable cellular phenotype defining the 

function of a cell; and if misregulated, it can lead to serious diseases. Since gene expression has 

more direct effect on survival than genetic variants, GEMPS uses gene expression to predict 

survival, however, the selection of genes is guided by information from genetic variants. GEMPS 

assigns two scores, predictive and mechanistic, to each gene.  A high predictive score indicates 

that the expression level of the gene is strongly associated with the survival outcome. A high 

mechanistic score indicatesthat the expression level of the gene is strongly regulated by some 

genetic variants. GEMPS unifies these two scores into one to prioritize the genes. Intuitively 

speaking, a large predictive score will lend itself to high prioritization and a moderate predictive 

score can be boosted by a high mechanistic score so that the overall priortization score can be high.  

We tested GEMPS on two large data sets and compared it to using gene expresion or 

genetic variants only and using both of them purely data-driven. The experiments demonstate that 

GEMPS is effective, resulting in more accurate prediction and a set of important and relevant genes 

that is supported by the gene set enrichment analysis. 

In addition, we have proposed using the one-sided log rank test for comparing the survival 

distributions of two or more groups, such as the two groups of patients with a high risk and a low 

risk of death. Patients in the high-risk group are deemed to have a shorter overall median survival 

than the patients in the low-risk group. Using the conventional tow-sided log rank test that is 

widely used in literature is proper for telling if the two groups have survivals that are statistically 

separate, but it does not tell about the directionality, which could be misleading like the case of 

the high risk group has a longer survival time than that of the low risk group. The one-sided log 

rank test checks both separability and directionality. We also proposed a summary statistic for 

quantifying the stratification ability for datasets tested using cross validation. 

In the second technique, we presented a mathematically principled framework for 

regularizing the Cox’s proportional hazards model. The regularization process relies on the 

biological domain through a summable metric that quantitatively reflects the relation between a 

genomic regulator and its target after mitigating the confounding effect of other variants on the 

target. To the best of our knowledge, our proposed technique is the first one to link the clinical 

model (transcriptomic (mRNA) and survival data) to the mechanistic model (transcriptomic 
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(mRNA) and genomic (CNAs) data) for a survival analysis application using the Cox PH model. 

We combine the upstream cause (DNA variants), the downstream effect (gene expression 

dysregulation), and the final disease outcome (survival) in a single model. Through this model, we 

develop the regulator-target gene relationship to a new one: regulator-target-outcome relationship 

of a disease. The latter relationship can pave new clinical avenues for characterizing tumors by 

linking genetics to the clinical studies outcomes. 

In this technique, we adopted fast and efficient optimization principles for the inference 

and feature selection step. These principles are the coordinate descent (Gerlinger, et al.) and the 

majorization-minimization (MM) principle. CD converts the optimization process to a series of 

simpler optimization problems that are solved iteratively, while MM helps in finding 

approximation to the log partial likelihood function and conferring it a closed-form style. 

For the research point about intratumor vascular heterogeneity, we proposed an enhanced 

version of the CAM-CM technique used to estimate the pharmacokinetic parameters in the DCE-

MRI images based on isolating and determining the pure-volume pixels and ignoring the pixels 

with PVE. The enhancement was done through bringing two new approaches to the original 

technique. First, we employ problem-domain information, where, based on the assumption of 

material continuity and supported by literature evidences, each of the underlying heterogeneous 

tumor tissues does not exist largely scattered in the tumor site; but each tissue can form a connected 

region within the tumor location. We use this principle of material continuity to compute the 

probabilistic memberships of each compartment at each pixel considering the neighborhood effect 

around that pixel. The second approach is to use the barycentric coordinate system to test the pixels 

residing inside the convex hull that are identified as pixels with PVE to reduce the CAM-CM 

technique false negatives. 

 

5.2. Future Work 

Defining the key players of survival predictors is of crucial importance to cancer clinicians 

for characterizing tumors and for setting treatment plans. We have worked in this dissertation on 
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linking the mechanistic model to the clinical model in order to perform features selection that are 

reasoned statistically and biologically, however we still have some limitations and there are still 

other directions worth further exploration. In this section, we endeavor to give a brief overview 

about the potential directions for future work. 

1. Integrating more than one genomic variant. Tumorigenesis is a collaborative effort exerted 

by different genomic variants. These variants could be genetic and/or epigenetic such as 

CNAs, DNA sequence point mutations, DNA methylation, and histone modification. 

Incorporating more molecular data helps shed light on elucidating the actual mechanisms by 

which genomic mutations accumulate leading to driver genes causing tumors. Many studies 

have been done to study one type of genomic variants against survival time. For example, 

microRNAs (miRNAs) are short non-coding RNAs that play important roles in post-

transcriptional regulations by regulating gene expression after the genes are transcibed. One 

miRNA can regulate multiple genes. miRNAs are also involvled in various biological 

processes, such as cell development, proliferation, differentiation and apoptosis (Zhao, et al., 

2015). A 4-miRNA signature was identified and used to predict tumor relapse and survival 

in triple-negative breast cancer (TNBC) patients (Kleivi Sahlberg, et al., 2015). They 

performed genome-wide serum miRNA expression and real-time PCR analyses on samples 

from 60 primary TNBC. By Cox regression analysis, they identified a four-miRNA signature 

that predicted tumor relapse and overall survival. This miRNA signature was further 

validated in an independent cohort of 70 TNBC. A high-risk signature score was developed 

and significantly associated with tumor recurrence and reduced survival. Multivariate Cox 

regression models indicated that the risk score based on the four-miRNA signature was an 

independent prognostic classifier of patients with TNBC. Also, DNA sequencing mutations 

were tested against survival, where (Braun, et al., 2013) discovered three genomic loci with 

single nueclotide polymorphisms (SNPs) that correlated with stage-adjusted survival. These 

loci are located close to genes previously reported to have possible relationhip with response 

to platinum and taxol used in treatments. Not only genetic variants are associated wih 

survival, but epigenetic ones are also associated with it, such as DNA methylation. DNA 

methylation is an epigenetic mark associated with regulation of transcription and genome 

structure. These markers have been investigated in a variety of cancer settings for their utility 

in differentiating normal tissue from tumor tissue, and recently, changes in the DNA 
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methylation of key pancreatic developmental genes were found strongly associated with 

patient survival (Thompson, et al., 2015). All of these studies were done on a single genomic 

variant, while, as we mentioned above, tumorigenesis is a collaborative effort from many 

genetic and epigenetic variants. We need to modify our penalty function , not only to have 

more types of variants, but also to realistically reflect the true mechanism of their interactions 

and effects on the mRNA levels. We need to consider concepts from the biolgoy systems 

domain in order to correctly build the penalty term. From our experience of working on 

different variants, we found that the nature of data representation of each variant requires a 

distinct way for computing the mW . For example, DNA sequenc mutations could be 

represented in binary format; 1 if the gene has a point mutation, and 0 if the gene does not 

have any. Or it could be represented in categorical data type if we opt to further divide the 

mutations to show the type of the nucleotide like adenine (A), cytosine (C), guanine (G), and 

thymine (T). In this case, computing the Pearson's correlation coefficient will differ from the 

case having quantitative data. 

2. Running the same experiments on the same cancer types used in this study, but of other data 

sets. This helps assess the robustness of the proposed techniques in case of replicating results 

for the same cancer type. Each data set will have its own characteristics that reflect the 

equipment used for data acquisition and reflect the nature of the data measured. And for sure, 

noise plays an important part in signal deterioration. That could explain the different results 

obtained at using different datasets, but for the same data type (cancer type here). We need 

to make our technique more resistant to the dataset-dependent characteristics (noise, 

equipment range of operations, ..., etc). By this, we may be able to replicate the same results 

regardless of the dataset used. This feature affects the technique robustness and 

reproducibility. 

3. More experiments on other cancer types are needed for the sake of testing applicability, 

enhancing performance, and pushing boundaries of the proposed techniques. Each cancer 

type has its own characteristics embedded in the signals detected for each molecular data 

type and this might require a cancer-dependent pre and post-processing steps. For example, 

the number of sequence mutations differ dramatically from cancer type to another, and some 

of them require special detection techniques for very low rate of mutations as in melanoma, 
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which has about 1000-fold increase in mutation frequency over the rhabdoid tumor 

(Lawrence, et al., 2013). Including all of these considerations pushes the proposed techniques 

towards being more generic rather than being database and data type dependent. 

4. A new hot topic in cancer research is radiogenomics that refers to the relationship between 

the imaging characteristics of a disease and its gene expression patterns, gene mutations, and 

other genome-related characteristics (Mazurowski, 2015). To investigate whether using 

imaging features will add positively to the predictive power of a survival model, 

(Mazurowski, et al., 2013) did a study on a set of 82 patients diagnosed with GBM cancer 

using clinical features (age, gender, and KPS) and magnetic resonance imaging (MRI) 

features (26 features). They built two multivariate Cox PH models: one that used the clinical 

features only as the covariates and one that used both the imaging features and the clinical 

features as the covariates. The performance of the model based on both clinical and imaging 

features was higher than the performance of the model based on only the clinical features, in 

terms of both area under the receiver operating characteristic curve and the overall 

concordance index. Their results are encouraging in that having imaging features in a 

survival model can lead to better prediction power. Regarding the intrinsic characteristics of 

the imaging features and the genomic features, the imaging data are rich in phenotypes, while 

genomic data are rich in genotypes. Also, imaging data give better view about the structure 

of the cells, whereas genomic data are more representatives of the function of the cells. It 

would be of great benefit to correlate molecular genotypes and phenotypes with imaging 

traits. A good example on supporting this direction is the study by (Wang, et al., 2013), where 

they built a workflow for analyzing histopathological images and integrate them with 

genomic data for discovering biomarkers for triple negative breast cancer (TNBC) patients. 

At first, they extracted a large collection of morphological features of the histopathological 

images. Then they correlated these imaging features with gene expression profiles from the 

same patients resulting in forty eight significantly correlated morphological features and 

gene clusters. Only four morphological features could separate a local cohort with TNBC 

into significantly different survival outcomes. Gene clusters correlated with these four 

morphological features further proved to be effective in predicting patient survival using 

multiple public gene expression datasets. These results demonstrate that the integrative 

analyses between imaging and genomic data holds promise for discovering biomarkers of 
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complex diseases. In addition, obtaining imaging features that are correlated with genomic 

features opens the door to consider either genomic or imaging data sufficient for 

characterizing both the structure and the function of tumor cells without the need to have 

both types of data. One example for this is to explore the relation of the tumor 

microenvironment with genomic alterations and gene expression patterns and to define 

nuclear morphometric features that are predictive of genetic alterations and clinical outcomes 

(Cooper, et al., 2015). Also (Gutman, et al., 2015) proved that MRI-derived tumor volumetric 

imaging features of GBM cancer are correlated with and can predict genomic somatic 

mutations. Their results showed MR imaging features are strongly associated with mutation 

status. For example, TP53-mutated tumors had significantly smaller contrast enhancing and 

necrosis volumes and RB1-mutated tumors had significantly smaller edema volumes 

compared to wild-type tumors. MRI volumetric features were also found to significantly 

predict mutational status. For example, AUC analysis results indicated that TP53, RB1, NF1, 

EGFR, and PDGFRA mutations could each be significantly predicted by at least one imaging 

feature. All of the above examples show the power the imaging data could have when 

combined with genomic data. But both of them were not used simultaneously in a survival 

model, but were the results of one of them were used in a model using the other data type. 

We hope to develop a technique that can make use of their combined benefits in one model.  
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Appendix A - Cancer-Specific Pathway Enrichment 

 

Table A. 1. GEMPS OV-Specific Pathways Enrichment 

Pathway [# genes] Description # overlap p-value q-value 

BUCKANOVICH_T_LY

MPHOCYTE_HOMING_

ON_TUMOR_DN [24] 

Genes down-regulated in microdissected endothelial 

samples from ovarian cancer tumors with tumor-

infiltrating lymphocytes (TIL) vs those without TILs. 

0   

BUCKANOVICH_T_LY

MPHOCYTE_HOMING_

ON_TUMOR_UP [24] 

Genes up-regulated in microdissected endothelial 

samples from ovarian cancer tumors with tumor-

infiltrating lymphocytes (TIL) vs those without TILs. 

1 0.08 0.083 

BONOME_OVARIAN_C

ANCER_POOR_SURVI

VAL_DN [22] 

Top highly correlated genes negatively associated 

with poor survival of patients with suboptimally 

debulked ovarian tumors. 

0   

BONOME_OVARIAN_C

ANCER_POOR_SURVI

VAL_UP [31] 

Top highly correlated genes positively associated 

with poor survival of patients with suboptimally 

debulked ovarian tumors. 

2 0.001 1.44E-03 

BONOME_OVARIAN_C

ANCER_SURVIVAL_OP

TIMAL_DEBULKING 

[246] 

Genes whose expression in optimally debulked 

ovarian tumors is associated with survival prognosis. 
6 2.02E-33 1.75E-32 

BONOME_OVARIAN_C

ANCER_SURVIVAL_SU

BOPTIMAL_DEBULKIN

G [510] 

Genes whose expression in suboptimally debulked 

ovarian tumors is associated with survival prognosis. 
14 4.98E-77 1.29E-75 

MARCHINI_TRABECTE

DIN_RESISTANCE_DN 

[49] 

Genes down-regulated in chondrosarcoma and 

ovarian carcinoma cell lines which developed 

resistance to trabectedin [PubChem=3199]. 

2 0.009 1.11E-02 

MARCHINI_TRABECTE

DIN_RESISTANCE_UP 

[21] 

Genes up-regulated in chondrosarcoma and ovarian 

carcinoma cell lines which developed resistance to 

trabectedin [PubChem=3199]. 

0   

MEINHOLD_OVARIAN

_CANCER_LOW_GRAD

E_DN [20] 

Genes down-regulated in low grade (LMP and G1) 

serous ovarian carcinomas vs the higher grade 

invasive tumors (G2 and G3). 

1 0.007 9.10E-03 

MEINHOLD_OVARIAN

_CANCER_LOW_GRAD

E_UP [19] 

Genes up-regulated in low grade (LMP and G1) 

serous ovarian carcinomas vs the higher grade 

invasive tumors (G2 and G3). 

1 0.01 1.13E-02 

LU_TUMOR_VASCULA

TURE_DN [13] 

Genes down-regulated in endothelial cells derived 

from invasive ovarian cancer tissue. 
0   



101 

 

LU_TUMOR_VASCULA

TURE_UP [29] 

Genes up-regulated in endothelial cells derived from 

invasive ovarian cancer tissue. 
0   

MOTAMED_RESPONSE

_TO_ANDROGEN_DN 

[6] 

Genes down-regulated in ovarian epithelial cells in 

response to dihydrotestosterone (DHT) 

[PubChem=10635]. 

1 0.346 0.346 

MOTAMED_RESPONSE

_TO_ANDROGEN_UP 

[6] 

Genes up-regulated in ovarian epithelial cells in 

response to dihydrotestosterone (DHT) 

[PubChem=10635]. 

0   

OUELLET_CULTURED

_OVARIAN_CANCER_I

NVASIVE_VS_LMP_DN 

[35] 

Genes down-regulated in pirmary cultures of 

epithelial ovarian cancer (Gutierrez, et al.): invasive 

(TOV) vs low malignant potential (LMP) tumors. 

1 4.91E-05 9.12E-05 

OUELLET_CULTURED

_OVARIAN_CANCER_I

NVASIVE_VS_LMP_UP 

[69] 

Genes up-regulated in pirmary cultures of epithelial 

ovarian cancer (Gutierrez, et al.): invasive (TOV) vs 

low malignant potential (LMP) tumors. 

5 2.40E-06 5.20E-06 

OUELLET_OVARIAN_

CANCER_INVASIVE_V

S_LMP_DN [11] 

Genes down-regulated in epithelial ovarian cancer 

(Gutierrez, et al.) biopsies: invasive (TOV) vs low 

malignant potential (LMP) tumors. 

0   

OUELLET_OVARIAN_

CANCER_INVASIVE_V

S_LMP_UP [117] 

Genes up-regulated in epithelial ovarian cancer 

(Gutierrez, et al.) biopsies: invasive (TOV) vs low 

malignant potential (LMP) tumors. 

3 2.31E-15 7.51E-15 

WAMUNYOKOLI_OVA

RIAN_CANCER_GRAD

ES_1_2_DN [67] 

Genes down-regulated in mucinous ovarian 

carcinoma tumors of grades 1 and 2 compared to the 

normal ovarian survace epithelium tissue. 

2 9.41E-09 2.45E-08 

WAMUNYOKOLI_OVA

RIAN_CANCER_GRAD

ES_1_2_UP [137] 

Genes up-regulated in mucinous ovarian carcinoma 

tumors of grades 1 and 2 compared to the normal 

ovarian survace epithelium tissue. 

5 2.98E-16 1.11E-15 

WAMUNYOKOLI_OVA

RIAN_CANCER_LMP_

DN [199] 

Genes down-regulated in mucinous ovarian 

carcinoma tumors of low malignant potential (LMP) 

compared to normal ovarian surface epithelium 

tissue. 

4 9.03E-28 5.87E-27 

WAMUNYOKOLI_OVA

RIAN_CANCER_LMP_

UP [265] 

Genes up-regulated in mucinous ovarian carcinoma 

tumors of low malignant potential (LMP) compared 

to normal ovarian surface epithelium tissue. 

4 9.74E-40 1.27E-38 

WILCOX_RESPONSE_T

O_PROGESTERONE_D

N [66] 

Genes down-regulated in primary cultures of ovarian 

surface epithlium cells exposed to progesterone 

[PubChem=5994] for 5 days. 

1 1.04E-04 1.59E-04 

WILCOX_RESPONSE_T

O_PROGESTERONE_U

P [152] 

Genes up-regulated in primary cultures of ovarian 

surface epithlium cells exposed to progesterone 

[PubChem=5994] for 5 days. 

6 1.34E-06 3.17E-06 
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APPIERTO_RESPONSE

_TO_FENRETINIDE_D

N [51] 

Genes down-regulated in A2780 cells (ovarian 

carcinoma) exposed to fenretinide [PubChem=1744]. 
0   

APPIERTO_RESPONSE

_TO_FENRETINIDE_UP 

[38] 

Genes up-regulated in A2780 cells (ovarian 

carcinoma) exposed to fenretinide [PubChem=1744]. 
1 0.01 1.13E-02 

JI_RESPONSE_TO_FSH

_DN [58] 

Down-regulated in ovarian epithelial cells (MCV152) 

72 hours following FSH treatment, compared to 

untreated 

2 0.002 2.74E-03 

JI_RESPONSE_TO_FSH

_UP [74] 

Genes up-regulated in MCV152 cells (Huang, et al.) 

treated with follicle stimulating hormone (FSH). 
1 2.70E-05 5.40E-05 

LU_EZH2_TARGETS_D

N [414] 

Genes down-regulated in SKOV3ip1 cells (Huang, et 

al.) upon knockdown of EZH2 [GeneID=2146] by 

RNAi. 

17 2.27E-16 9.84E-16 

LU_EZH2_TARGETS_U

P [295] 

Genes up-regulated in SKOV3ip1 cells (Huang, et 

al.) upon knockdown of EZH2 [GeneID=2146] by 

RNAi. 

6 9.34E-17 4.86E-16 

MALONEY_RESPONSE

_TO_17AAG_DN [79] 

Down-regulated genes in A2780 cells (Huang, et al.) 

treated with 17AAG [PubChem=6440175], a 

chemical with anticancer properties. 

2 9.62E-05 1.56E-04 

MALONEY_RESPONSE

_TO_17AAG_UP [41] 

Up-regulated genes in A2780 cells (Huang, et al.) 

treated with 17AAG [PubChem=6440175], a 

chemical with anticancer properties. 

2 0.027 2.93E-02 

PUIFFE_INVASION_IN

HIBITED_BY_ASCITES

_DN [145] 

Genes down-regulated in OV-90 cells (Huang, et al.) 

exposed to ascites which inhibited invasion. 
2 1.63E-09 4.71E-09 

PUIFFE_INVASION_IN

HIBITED_BY_ASCITES

_UP [82] 

Genes up-regulated in OV-90 cells (Huang, et al.) 

exposed to ascites which inhibited invasion. 
2 5.98E-05 1.04E-04 
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Table A. 2. GE OV-Specific Pathways Enrichment 

Pathway [# genes] Description # overlap p-value q-value 

BUCKANOVICH_T_LY

MPHOCYTE_HOMING_

ON_TUMOR_DN [24] 

Genes down-regulated in microdissected endothelial 

samples from ovarian cancer tumors with tumor-

infiltrating lymphocytes (TIL) vs those without TILs. 
0     

BUCKANOVICH_T_LY

MPHOCYTE_HOMING_

ON_TUMOR_UP [24] 

Genes up-regulated in microdissected endothelial 

samples from ovarian cancer tumors with tumor-

infiltrating lymphocytes (TIL) vs those without TILs. 

2 0.408 0.428 

BONOME_OVARIAN_C

ANCER_POOR_SURVI

VAL_DN [22] 

Top highly correlated genes negatively associated 

with poor survival of patients with suboptimally 

debulked ovarian tumors. 

0     

BONOME_OVARIAN_C

ANCER_POOR_SURVI

VAL_UP [31] 

Top highly correlated genes positively associated 

with poor survival of patients with suboptimally 

debulked ovarian tumors. 

0     

BONOME_OVARIAN_C

ANCER_SURVIVAL_OP

TIMAL_DEBULKING 

[246] 

Genes whose expression in optimally debulked 

ovarian tumors is associated with survival prognosis. 
3 7.83E-27 5.48E-26 

BONOME_OVARIAN_C

ANCER_SURVIVAL_SU

BOPTIMAL_DEBULKIN

G [510] 

Genes whose expression in suboptimally debulked 

ovarian tumors is associated with survival prognosis. 
10 5.64E-57 1.18E-55 

MARCHINI_TRABECTE

DIN_RESISTANCE_DN 

[49] 

Genes down-regulated in chondrosarcoma and 

ovarian carcinoma cell lines which developed 

resistance to trabectedin [PubChem=3199]. 

0     

MARCHINI_TRABECTE

DIN_RESISTANCE_UP 

[21] 

Genes up-regulated in chondrosarcoma and ovarian 

carcinoma cell lines which developed resistance to 

trabectedin [PubChem=3199]. 

0     

MEINHOLD_OVARIAN

_CANCER_LOW_GRAD

E_DN [20] 

Genes down-regulated in low grade (LMP and G1) 

serous ovarian carcinomas vs the higher grade 

invasive tumors (G2 and G3). 

0     

MEINHOLD_OVARIAN

_CANCER_LOW_GRAD

E_UP [19] 

Genes up-regulated in low grade (LMP and G1) 

serous ovarian carcinomas vs the higher grade 

invasive tumors (G2 and G3). 

0     

LU_TUMOR_VASCULA

TURE_DN [13] 

Genes down-regulated in endothelial cells derived 

from invasive ovarian cancer tissue. 
0     

LU_TUMOR_VASCULA

TURE_UP [29] 

Genes up-regulated in endothelial cells derived from 

invasive ovarian cancer tissue. 
1 0.004 6.46E-03 

MOTAMED_RESPONSE

_TO_ANDROGEN_DN 

[6] 

Genes down-regulated in ovarian epithelial cells in 

response to dihydrotestosterone (DHT) 

[PubChem=10635]. 

1 0.449 0.449 
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MOTAMED_RESPONSE

_TO_ANDROGEN_UP 

[6] 

Genes up-regulated in ovarian epithelial cells in 

response to dihydrotestosterone (DHT) 

[PubChem=10635]. 

0     

OUELLET_CULTURED

_OVARIAN_CANCER_I

NVASIVE_VS_LMP_DN 

[35] 

Genes down-regulated in pirmary cultures of 

epithelial ovarian cancer (Gutierrez, et al.): invasive 

(TOV) vs low malignant potential (LMP) tumors. 

2 0.006 9.00E-03 

OUELLET_CULTURED

_OVARIAN_CANCER_I

NVASIVE_VS_LMP_UP 

[69] 

Genes up-regulated in pirmary cultures of epithelial 

ovarian cancer (Gutierrez, et al.): invasive (TOV) vs 

low malignant potential (LMP) tumors. 

3 1.45E-05 2.54E-05 

OUELLET_OVARIAN_

CANCER_INVASIVE_V

S_LMP_DN [11] 

Genes down-regulated in epithelial ovarian cancer 

(Gutierrez, et al.) biopsies: invasive (TOV) vs low 

malignant potential (LMP) tumors. 

0     

OUELLET_OVARIAN_

CANCER_INVASIVE_V

S_LMP_UP [117] 

Genes up-regulated in epithelial ovarian cancer 

(Gutierrez, et al.) biopsies: invasive (TOV) vs low 

malignant potential (LMP) tumors. 

2 6.96E-12 2.09E-11 

WAMUNYOKOLI_OVA

RIAN_CANCER_GRAD

ES_1_2_DN [67] 

Genes down-regulated in mucinous ovarian 

carcinoma tumors of grades 1 and 2 compared to the 

normal ovarian survace epithelium tissue. 

2 3.19E-06 6.70E-06 

WAMUNYOKOLI_OVA

RIAN_CANCER_GRAD

ES_1_2_UP [137] 

Genes up-regulated in mucinous ovarian carcinoma 

tumors of grades 1 and 2 compared to the normal 

ovarian survace epithelium tissue. 

2 2.84E-14 9.94E-14 

WAMUNYOKOLI_OVA

RIAN_CANCER_LMP_

DN [199] 

Genes down-regulated in mucinous ovarian 

carcinoma tumors of low malignant potential (LMP) 

compared to normal ovarian surface epithelium 

tissue. 

7 3.40E-16 1.79E-15 

WAMUNYOKOLI_OVA

RIAN_CANCER_LMP_

UP [265] 

Genes up-regulated in mucinous ovarian carcinoma 

tumors of low malignant potential (LMP) compared 

to normal ovarian surface epithelium tissue. 

4 5.24E-28 5.50E-27 

WILCOX_RESPONSE_T

O_PROGESTERONE_D

N [66] 

Genes down-regulated in primary cultures of ovarian 

surface epithlium cells exposed to progesterone 

[PubChem=5994] for 5 days. 

7 0.406 0.428 

WILCOX_RESPONSE_T

O_PROGESTERONE_U

P [152] 

Genes up-regulated in primary cultures of ovarian 

surface epithlium cells exposed to progesterone 

[PubChem=5994] for 5 days. 

3 1.93E-06 4.50E-06 

APPIERTO_RESPONSE

_TO_FENRETINIDE_D

N [51] 

Genes down-regulated in A2780 cells (ovarian 

carcinoma) exposed to fenretinide [PubChem=1744]. 
0     

APPIERTO_RESPONSE

_TO_FENRETINIDE_UP 

[38] 

Genes up-regulated in A2780 cells (ovarian 

carcinoma) exposed to fenretinide [PubChem=1744]. 
2 0.128 0.154 
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JI_RESPONSE_TO_FSH

_DN [58] 

Down-regulated in ovarian epithelial cells (MCV152) 

72 hours following FSH treatment, compared to 

untreated 

4 0.132 0.154 

JI_RESPONSE_TO_FSH

_UP [74] 

Genes up-regulated in MCV152 cells (Huang, et al.) 

treated with follicle stimulating hormone (FSH). 
4 0.036 0.047 

LU_EZH2_TARGETS_D

N [414] 

Genes down-regulated in SKOV3ip1 cells (Huang, et 

al.) upon knockdown of EZH2 [GeneID=2146] by 

RNAi. 

9 9.37E-16 3.94E-15 

LU_EZH2_TARGETS_U

P [295] 

Genes up-regulated in SKOV3ip1 cells (Huang, et 

al.) upon knockdown of EZH2 [GeneID=2146] by 

RNAi. 

7 8.56E-11 2.25E-10 

MALONEY_RESPONSE

_TO_17AAG_DN [79] 

Down-regulated genes in A2780 cells (Huang, et al.) 

treated with 17AAG [PubChem=6440175], a 

chemical with anticancer properties. 

0     

MALONEY_RESPONSE

_TO_17AAG_UP [41] 

Up-regulated genes in A2780 cells (Huang, et al.) 

treated with 17AAG [PubChem=6440175], a 

chemical with anticancer properties. 

0     

PUIFFE_INVASION_IN

HIBITED_BY_ASCITES

_DN [145] 

Genes down-regulated in OV-90 cells (Huang, et al.) 

exposed to ascites which inhibited invasion. 
3 4.50E-06 8.59E-06 

PUIFFE_INVASION_IN

HIBITED_BY_ASCITES

_UP [82] 

Genes up-regulated in OV-90 cells (Huang, et al.) 

exposed to ascites which inhibited invasion. 
4 0.018 2.52E-02 
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