
 
 

  

 

EXPLAINABLE ARTIFICIAL INTELLIGENCE FOR PATIENT STRATIFICATION 

AND DRUG REPOSITIONING 

_______________________________________ 

A Dissertation 

presented to 

the Faculty of the Graduate School 

at the University of Missouri-Columbia 

_______________________________________________________ 

In Partial Fulfillment 

of the Requirements for the Degree 

Doctor of Philosophy 

_____________________________________________________ 

by 

Zainab Al-Taie 

Dr. Chi-Ren Shyu, Dissertation Supervisor 

December 2021 

 

 

 



 
 

The undersigned, appointed by the dean of the Graduate School, have examined the 

dissertation entitled 

 

EXPLAINABLE ARTIFICIAL INTELLIGENCE FOR PATIENT STRATIFICATION 

AND DRUG REPOSITIONING 

 

Presented by Zainab Al-Taie, 

a candidate for the degree of Doctor of Philosophy, and hereby certify that, in their 

opinion, it is worthy of acceptance. 

 

_______________________________________________________ 

Dr. Chi-Ren Shyu 

 

_______________________________________________________ 

Dr. Rene Cortese 

 

_______________________________________________________ 

Dr. Mark Hannink 

 

_______________________________________________________ 

Dr. Jussuf Kaifi 

 

_______________________________________________________ 

Dr. Jonathan Mitchem 

 



i 
 

DEDICATION 

To 

My altruistic mother (Najat Al-Hassani) 

For all the sacrifices you have made to raise my siblings and me right, for supporting me 

in all my decisions, and for the immense trust, care, and love that made me who I am 

now. Thank you for everything. There are not enough words to describe how grateful I 

am for everything you have done for us. 

 

My amazing uncle (Emad Al-Hassani) 

For being the best uncle who is more like a father in my life. Thank you for taking the 

responsibility to raise my siblings and me. I am sincerely grateful for all your constant 

support that helped me to be where I am now. Thank you for your encouragement, 

understanding, trust, and endless love. 

 

My beloved brother (Ali Al-Taie) 

For all the support, caring, and encouragement to overcome all the difficulties I have 

faced in my Ph.D. and in my life. Thank you for always being there for me through all 

my ups and downs. I am lucky to have a brother and a friend with a warm heart like you. 

 

My sweet sister (Fatimah Al-Taie) 

For your optimism that shines in our lives. Thank you for being my best friend and sister 

and always being there to listen to me when I need to talk, and this has always helped me 

have less stress during my journey in the Ph.D. study. 



ii 
 

ACKNOWLEDGEMENTS 

 

First and foremost, I would like to express my sincere gratitude to my advisor, Prof. 

Chi-Ren Shyu, for his continuous support and encouragement, patience and immense 

knowledge, and for his dedication and enthusiasm for research. His vision, guidance, and 

trust have enabled me to find my way as an independent researcher. I am deeply grateful 

to have him as my advisor and mentor. 

Also, I would like to thank my committee members, Dr. Rene Cortese, Prof. Mark 

Hannink, Dr. Jussuf Kaifi, and Dr. Jonathan Mitchem, for always finding the time in their 

busy schedules to meet and discuss my research. I am grateful for all their insightful 

comments and encouragement. Additionally, I would like to thank Dr. Christos 

Papageorgiou for his contribution to my research. 

I would also like to thank my current and former colleagues, notably Danlu Liu, Dr. 

Yan Zhuang, and Dr. Yuanyuan Shen from the Interdisciplinary Data Analytics and 

Search (iDAS) Lab for all their suggestions and encouragement. I also want to thank Mr. 

Robert Sanders and Ms. Tracy Pickens for their kindness and professional assistance over 

the past years. 

Finally, I would like to thank my dear friends, foremost among whom are Dr. Amal Al-

Yasiri, Ann Huber, Danlu Liu, Iuliia Innokenteva, Dr. Nattapon Thanintorn, and Dr. 

Yuanyuan Shen, for always being there for me through my ups and downs. Final thanks 

go to my funding sources from the Informatics and Data Science Research Initiatives of 

the University of Missouri. 



iii 
 

TABLE OF CONTENTS 

ACKNOWLEDGEMENTS……………………………………………….….………. ii 

LIST OF ILLUSTRATIONS……………………………………………….………… vi 

ABSTRACT…………………………………………………………………………… viii 

CHAPTER ONE:  INTRODUCTION………………………………….…..…….…… 1 

1.1 INTRODUCTION………………………………………………….…..…….……. 2 

1.2 SUBGROUPING AND DRUG REPOSITIONING…………..…….…………...... 2 

1.3 RELATED WORK……………………………………………….…….……..…… 4 

CHAPTER TWO: METHOD …………………………………………………………. 8 

2.1 INTRODUCTION ………………………………………………………………… 9  

2.2 MATERIALS AND DATA PROCESSING …………………………….………… 9 

2.3 SUBPOPULATION DISCOVERY ……………………………………..…………. 10 

2.3.1 PATIENT STRATIFICATION …………………………………...………………... 10 

2.3.2 SUBGROUP CONTRAST …………………………………………..…………….. 20 

2.3.3 SUBGROUPS PRIORITIZATION ……………………………………..………….. 25 

2.4 DRUG REPOSITIONING ………………………………………………..…….…... 27 

2.4.1 DRUG EVALUATION USING AGGREGATED DRUG SCORING ……………. 27 

2.4.2 DRUG EVALUATION USING COMPREHENSIVE DRUG SCORING……….... 31 

CHAPTER THREE: RESULTS ………………………………………………………………… 35 



iv 
 

3.1 INTRODUCTION …………………………………………………..……………………… 36 

3.2 COLORECTAL CANCER ANALYSIS RESULTS AND DISCUSSION ………..……….. 36 

3.2.1 SUBPOPULATION RESULTS …………………………………………..………... 37 

3.2.2 DRUG REPOSITIONING RESULTS ……………………………………..…….… 38 

3.2.3 DRUG-DIFFERENTIALLY EXPRESSED GENE SUBGROUP NETWORKS…... 41 

3.2.4 ANALYZING THE SUBGROUPS’ TOP-RANKED DRUG CANDIDATES.….... 45 

3.2.4.1 RANDOMIZED ANALYSIS ……………………………………….….…. 45 

3.2.4.2 DRUGS’ CLASSES ENRICHMENT ANALYSIS …………………….… 46 

3.2.4.3 PATHWAY’S ENRICHMENT ANALYSIS……………………………… 47 

3.2.5 DISCUSSION…………………………………………………………………......... 49 

3.3 BREAST CANCER ANALYSIS RESULTS……………………………………………….. 50 

3.3.1 DATA DESCRIPTION AND PROCESSING…………………………..………….. 55 

3.3.2 SUBGROUPS AND DRUGS ANALYSIS………………………………………..... 60 

3.3.3 PATHWAY ENRICHMENT ANALYSIS…………………………………………. 70 

3.3.4 PHARMACOLOGICAL CLASSES ANALYSIS………………………………….. 74 

3.3.5 DISCUSSION………………………………………………………………………. 75 

3.4 PAN-CANCER ANALYSIS RESULTS……………………………………………………. 79 

3.4.1 DATA DESCRIPTION AND PROCESSING……………………………………... 83 

3.4.2 PATIENT STRATIFICATION RESULTS………………………………………… 85 

3.4.3 DRUG REPOSITIONING RESULTS……………………………………………… 89 



v 
 

3.5 DISCUSSION…………………………………………………………………….…………. 95 

CHAPTER FOUR: CONCLUSION AND FUTURE WORK …………………………………. 97 

4.1 CONCLUSION……………………………………………………………………………….98 

4.2 LIMITATIONS…………………………………………………………………………….. 100 

4.3 CONTRIBUTION TO INFORMATICS AND CANCER RESEARCH ……………..…… 100 

4.3 FUTURE WORK……………………………………………………………….……….…. 102 

BIBLIOGRAPHY…………………………………………………………………………..….. 103 

VITA …………………………………………………………………………………………… 137 

 

 

 

 

 

 

 

 

 

 

 



vi 
 

LIST OF ILLUSTRATIONS 

Figure 1. Patient Stratification and Drug Repositioning Framework ………………..….............. 11 

Figure 2. The subpopulation discovery and evaluation process ……………………...…………. 15 

Figure 3. An example of aggregated drug score calculation for each drug ………….………….. 30 

Figure 4. MSI test result-related subgroups with the top three recommended drugs for each 

subgroup ……………………………………………………………………………….…........... 41 

Figure 5. Menadione gene interactions in two different subgroups ……………….…….……… 42 

Figure 6. Crizotinib gene interactions in three different subgroups ……………….…………..… 44 

Figure 7. Top pharmacological classes that were highly enriched with the drugs repositioning 

candidates for the seven subgroups of interest …………………………………….……………. 46 

Figure 8. Top pathways that were targeted by repositioned drug candidates for the seven subgroups 

of interest ……………………………………………………………………............................... 48 

Figure 9. Flowchart of the data-driven drug repositioning process using phenotypic and genotypic 

breast cancer data ………………………………………………………………….……………. 57 

Figure 10. Pathways enrichment analysis for the genes targeted by top ten drugs for all the TNBC 

five subgroups of interest ……………………………………………………………….……….. 72 

Figure 11. Top molecular functions targeted by top ten drugs of the TNBC five subgroups of 

interest …………………………………………………………………………………...……… 73 

Figure 12. Top biological processes targeted by top ten drugs of the TNBC five subgroups of 

interest ………………………………………………………………………………………...… 73 



vii 
 

Figure 13. Top cellular components targeted by top ten drugs of the TNBC five subgroups of 

interest ……………………………………………………………………………………...…… 74 

Figure 14. Survival curves for TNBC subgroup5 vs. other subgroups ……………………. ….... 77 

Figure 15. Pan-cancer framework ………………………………………………………………. 82 

Figure 16. Subgroup phenotypic variables distribution over cancer types ………………………. 85 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



viii 
 

 

ABSTRACT 

Enabling precision medicine requires developing robust patient stratification methods as 

well as drugs tailored to homogeneous subgroups of patients from a heterogeneous 

population. Developing de novo drugs is expensive and time consuming with an ultimately 

low FDA approval rate. These limitations make developing new drugs for a small portion 

of a disease population unfeasible. Therefore, drug repositioning is an essential alternative 

for developing new drugs for a disease subpopulation. There is a crucial need to develop 

data-driven approaches that find druggable homogeneous subgroups within the disease 

population and reposition the drugs for these subgroups. In this study, we developed an 

explainable AI approach for patient stratification and drug repositioning. Exploratory 

mining mimicking the trial recruitment process as well as network analysis were used to 

discover homogeneous subgroups within a disease population. For each subgroup, a 

biomedical network analysis was done to find the drugs that are most relevant to a given 

subgroup of patients. The set of candidate drugs for each subgroup was ranked using an 

aggregated drug score assigned to each drug. The method represents a human-in-the-loop 

framework, where medical experts use data-driven results to generate hypotheses and obtain 

insights into potential therapeutic candidates for patients who belong to a subgroup. To 

examine the validity of our method, we implemented our method on individual cancer types 

and on pan-cancer data to consider the inter- and intra-heterogeneity within a cancer type 

and among cancer types. Patients' phenotypic and genotypic data was utilized with a 

heterogeneous knowledge base because it gives a multi-view perspective for finding new 

indications for drugs outside of their original use. Our analysis of the top candidate drugs 

for the subgroups showed that most of these drugs are FDA-approved drugs for cancer, and 

others are non-cancer related, but have the potential to be repurposed for cancer. We have 

discovered novel cancer-related mechanisms that these drugs can target in different cancer 

types to reduce cancer treatment costs and improve patient survival. Further wet lab 

experiments to validate these findings are required prior to initiating clinical trials using 

these repurposed therapies.
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1.1 INTRODUCTION 

Patients with the same disease have different reactions to the same drug. This 

indicates that tailoring drugs to a patient or a group of patients who share common 

genotypic and phenotypic feature is essential to implementing precision medicine in our 

healthcare system. De novo drug discovery is a time-consuming, high-cost, and high-risk 

process. Developing and implementing a new drug can take anywhere between 10-15 years 

while costing roughly $1.6 billion. The success rate for new drug development is about 2%, 

with approval rates by the Food and Drug Administration (FDA) declining since 1995 [1, 

2]. This highlights the necessity of drug repositioning (DR), or the ability to reposition 

existing FDA-approved therapeutics for the treatment of additional diseases [3]. DR takes 

advantage of existing drug therapies already in use and/or at the approval stage to be 

declared safe for human administration by the FDA [4]. DR reduces the time, cost, and risk 

associated with the developmental phases of a new drug application, or (N.D.A.), and 

represents an important strategy for improving patient care.  

 

1.2 SUBGROUPING AND DRUG REPOSITIONING  

Patient stratification into subgroups is a crucial step toward applying precision 

medicine. As we move to a wider implementation of precision medicine and N-of-1 trials 

in our healthcare system [5], it becomes necessary to move drug discovery in a more patient-

centric direction. However, significant barriers exist for the development of new drugs for 

a small proportion of patients due to excessive development costs and financial burden to 
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patients. Therefore, DR represents an essential alternative strategy for developing new drugs 

for patient subpopulations. As these subgroups are identified, we can more specifically align 

patients and medications to achieve precision-based therapy. 

Drug-repositioning methodologies involve both computational and experimental 

techniques. Computational algorithms represent a significant opportunity for the systematic 

screening and identification of new indications for existing drugs [6-8]. A majority of the 

computational analysis components can be grouped into three categories: machine learning, 

network analysis, and neurolinguistics and language semantics [9, 10]. Drug repositioning 

using these methods has been undertaken using disease-centric approaches, drug-centric 

approaches, or combinations of both [11]. In disease-centric approaches, a drug developed 

for one disease is suggested for another disease after clustering diseases by phenotypic 

similarity, molecular signatures, and genetic variation [12-15]. Drug-centric approaches 

accomplish repositioning based on the similarity of drug molecular activity [16, 17]. Some 

methods are a combination of these approaches based on building drug-drug and disease-

disease similarity networks. They then assign drugs based on a meta-path score, predicting 

disease-drug association [18-20], or the correlation between the gene expression profile of 

a disease and the genes impacted by a drug [21]. Other methods reposition drugs based on 

mutations, the expression profile of genes, and protein interactions in the diseases of interest 

[22]. These methods deal with the broad picture of directing a drug to a new disease, but 

miss the details represented by the response to these drugs on a subpopulation level. The 

fact that people with the same disease experience different responses to the same drug 

highlights the importance of looking more deeply into the details of patient subgroup 

regimens.  
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In this study, a novel patient subgroup stratification and drug repositioning method 

was developed by strategically searching a combinatorial phenotypic space with significant 

genotypic patterns using a biomedical DR knowledge base [23]. This is a unique network-

based and explainable data mining computational approach for subgroups discovery and 

drug repositioning. A heterogeneous knowledge base was adopted from the ‘hetionet’ 

project to create our DR knowledge base (DR-KB)  [24]. Patients’ phenotypic and genotypic 

data was utilized in conjunction with the heterogeneous knowledge base to provide the most 

accurate depiction of living systems and their complexity. This heterogeneity gives a multi-

view perspective to find new indications for drugs outside of their original use. This DR 

approach represents an effective, applicable, and significant opportunity to approach 

precision medicine using an explainable and data-driven computational method. The Cancer 

Genome Atlas (TCGA) was used for the case studies as it contains a large volume of clinical, 

pathologic, and molecular features which allow us to create highly granular patient 

subgroup DR recommendations. 

1.3 RELATED WORK 

The importance of repositioning drugs to tailor treatment for homogeneous 

subgroups within a heterogeneous disease population has been demonstrated by previous 

studies. Most of the existing methods to stratify patients into disease subcategories are based 

on clinicopathologic features, with some malignancies having shifted towards molecular 

subtypes [25-28]. The primary method has been to identify drug repositioning candidates 

for subgroups of patients based on targeting particular genes proven to have a role in disease 

development. Gouravan, et al. [29] demonstrated that drugs could be repositioned for 

subgroups of sarcoma patients with well-known mutations that frequently occur, such as 
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finding candidate drugs targeting a BRAF mutation. Simon, et al. [30] focused on a mutation 

in the RUNX1 gene and studied drug sensitivity to identify candidate drugs for repositioning 

in patients with acute myeloid leukemia (AML) and a mutation in this gene. Yoshida, et al. 

[31] produced studies that focus on Myc mutation and investigated this gene family's 

therapeutic potential across different cancer types. Another method is stratification based 

on known genotypic variations. After identification, the critical genotypic characteristics of 

each subgroup are used to identify drugs and targets for repositioning. An example is the 

repurposing of subtype-specific drugs for breast cancer after the identification of three 

different modules of Triple-negative breast cancer (TNBC) based on protein-protein 

interaction networks [27]. Nepal, et al. [32] stratified Intrahepatic cholangiocarcinoma 

(iCCA) patients based on mutations in three classifier genes, IDH, KRAS, and TP53, and 

studied their ability to induce substantial downstream molecular heterogeneity and 

pharmacogenomic potential. 

Patient stratification and drug repositioning has also been achieved by clustering 

patients based on a set of gene mutations. Lind and Anderson [33] used machine learning 

to predict the activity of small-molecule drugs against cancer cells using mutations in 

oncogenes. In their study, patients were clustered based on their mutation profiles in specific 

oncogenes and drugs selected targeting these mutations. Gligorijević, et al. [34] also applied 

machine learning methods to identify patients based on mutation and drug data along with 

molecular interactions to reposition drugs based on targets in each patient cluster. 

Additionally, data mining has been used to stratify patients based on molecular features and 

to prioritize drug targets for repositioning within pre-defined molecular subgroups. Chen 
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and Xu [26] developed a computational method to repurpose drugs for glioblastoma 

molecular subtypes using human cancer genomics combined with mouse phenotype data.  

Though these methods represent a significant step in a promising direction, 

discovering drugs for a large number of subgroups of patients requires a more 

comprehensive exploratory approach where multiple factors are considered to address the 

challenge of patient diversity. The methods outlined above, among others, have shown the 

importance of patient stratification and have produced promising results. However, patient 

stratification and DR strategies focused on subgroups with commonly known genotypic 

characteristics may miss the importance of phenotypic characteristics during the 

stratification process. Using these methods to solve biomedical problems that impact human 

life required the implementation of the Explainable AI (XAI) concept, where the system 

offers humans the ability to analyze and understand its action and the reasons behind any 

prediction in order to overcome the black-box challenge of AI in medicine [35]. The 

Explainable AI concept focuses on transparency, meaning that the actions that affect human 

life should be explained in a format that is understandable by humans and should show the 

underlying phenomena of any prediction [36]. The importance of developing explainable 

computer-based systems to solve biomedical problems has been expressed in studies that 

include prediction based on medical image processing and genomics analysis [37, 38]. Some 

studies addressed the need for explainable biomedical systems by building interactive ML 

(iML) models [39, 40]. The goal of iML is to enable algorithms to explain each step to users 

and enable them to correct the provided explanation [41]. Still, the explanations provided 

by these methods require further study [42]. For patient stratification and drug repositioning, 

the explainability of machine learning and data mining results can be improved by including 
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the ability to provide insight regarding the underlying biological mechanism that is unique 

to a subgroup as well as how the perturbation of biological entities contributes to drug 

selection for a given subgroup.  

The method in this study aims to build an explainable AI system using data mining 

and network analysis. This is a step toward building advanced Explainable AI systems that 

imitate the human cognitive system in which humans make sense of the world by 

recognizing patterns. This method provides an exploratory stratification process through the 

investigation of not only the phenotypic inclusion and exclusion criteria, but also the 

genotypic characteristics of subgroups that differentiate them from the larger disease 

population, as well as druggability based on these characteristics. Moreover, this method 

provides the flexibility to stratify a patient to multiple subgroups. This gives medical 

practitioners the ability to consider alternative treatments that remain specific for each 

patient.  
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2.1 INTRODUCTION 

This Patient Stratification and Drug Repositioning (PSDR) framework is composed 

of three modules. (1) Materials and Data Preprocessing: Patients’ genotypic and phenotypic 

data was preprocessed and categorized to be the input to the patient statification algorithm. 

In this module, a heterogeneous KB was integrated with patient data (Section 2.2). (2) 

Subpopulation Discovery: An explainable AI method for drug repositioning and subgroup 

discovery of a disease population was developed. For each subgroup, a heterogeneous 

network was created based on the phenotypic characteristics and gene signatures (Section 

2.3). (3) Drug Candidate Evaluation: For each subgroup resulting from the subpopulation 

discovery module, a drug score was calculated within each network and ranked for 

prioritization and recommendation of repositioning for each identified subgroup (Section 

2.4). 

2.2 MATERIALS AND DATA PROCESSING 

The input data for the patient stratification framework consists of genotypic and 

phenotypic variables for a disease population. The phenotypic, genotypic, and 

heterogeneous biomedical networks are used to guide subgroup discovery and recommend 

drugs for these subgroups (Figure 1-Module 1).  In this study, the genotypic and phenotypic 

data for patients were obtained from TCGA. As part of the human-in-the-loop process, a 

physician panel involved in the care of cancer patients selected the phenotypic and clinical 

variables to be included in the analysis. Additionally, many of these phenotypic variables 

were continuous, which required stratification into categories for inclusion in the data 

mining algorithm. The medical guidelines and the physician panel guided the categorization 

of all continuous variables. For example, the original data set of colorecata cancer (CRC) 
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contains the age of each patient. Patient age was categorized into three age groups, which 

are <50, 50-69, and >69. The genotypic data in this study are genes differentially expressed 

between normal and tumor tissues. The differential expression analysis using edgeR was 

implemented on the RNA-seq data of the patients. The dimensionality reduction was made 

by deciding the p-value to be less than 0.05. In addition, a neo4j graph representation of 

different biomedical entities and the relations between them was used as our DR knowledge 

base (DR-KB), which  contains 11 different types of biomedical variables (Gene, Biological 

process, Cellular Component, Molecular function, Pathway, Anatomy, Drug (Compound), 

Side effect, Pharmacological class, Disease, and Symptom) from hetionet [24]. 

2.3 SUBPOPULATION DISCOVERY 

In this section, the stratification process is described based on clinical and genomic 

characteristics to enable drugs to be directed to a selected list of homogeneous groups within 

the heterogeneous disease population. This section has been published in the Journal of 

Biomedical Informatics [43]. 

2.3.1 PATIENT STRATIFICATION  

Finding a homogeneous subgroup cohort is a crucial step in enabling precision 

medicine. In this study, the focus was to systematically and strategically group patients into 

phenotypic subgroups based on their genotypic characteristics. The exploratory data mining 

[23] method was extended by integrating network analysis to guide the subpopulation 

discovery process. This exploratory data mining method provides an automatic 

subpopulation discovery tool that computationally investigates a large pool of 

subpopulations that have underlying factors differentiating each subpopulation within a 

given larger group. 
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Figure 1: Patient Stratification and Drug Repositioning Framework. Module 1: The input data consists of patient phenotypic and 

genotypic characteristics or variables and the DR-KB. Module 2: The subpopulation discovery and evaluation process. Module 2 

consists of 3 submodules. Module 2.1: During the path expansion process in which we add or delete a node, module 2.2 is applied to 

evaluate the contrast and identify the significance of adding or removing a node. Module 2.2: This module is used to calculate the 

contrast score for each candidate subgroup with the outer population by applying contrast pattern mining and network differentiation. 

Module 2.3: The subpopulation contrast score (SPCscore) is used to rank the candidate subgroups. Medical experts conduct further 

evaluation of the subgroups that have more potential in clinical settings. Module 3: It is for drug evaluation. In this module, an 

aggregated drug score (Dscore) is calculated for each drug in each subgroup network that is created from all the contrast pattern 

subnetworks. This score is used to rank the drugs for each subgroup to connect the most relevant drugs to a given subgroup. 
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The results are presented as subgroups, each defined by a set of population criteria 

and underlying factors which differentiate each subgroup from the entire population. These 

criteria are the phenotypic variables, such as gender, age, and cancer stage. An example 

subgroup could be males aged less than 50 years with stage II cancer. When a phenotypic 

feature is added, a focus subpopulation is created and contrasted with the rest of the 

population. Adding additional population variables is desired, assuming there is statistical 

evidence to do so. The determination of the significance of a subgroup is based on 

underlying factors which are the genotypic patterns that are statistically unique to the 

subgroup in comparison to the rest of the population by utilizing Contrast Pattern Mining 

(CPM) [44].  

The patient subgroup stratification module takes a three-level approach. The top-level 

method, path expansion, includes a large number of second-level floating subgroup 

selection processes, each of which is supported by a series of third-level Inclusion and 

Exclusion procedures. This method is exploratory and differs from a decision tree approach 

in which samples are divided based on the decision for each node, and each leaf node 

contains a group of samples which are exclusively in a particular node. Unlike a traditional 

decision tree, the proposed method has a large number of dynamic fanouts for each node 

without dividing the samples during the expansion process, and each node represents a 

subgroup. As a result of the patient subgroup stratification process, a patient could be in 

multiple subgroups through branching expansion.  

For example, female patients could be grouped into (female, stage III) and (female, 

age<50) which potentially contain patients in both groups. To better understand the 

complexity of this method, let 𝑛𝑝 be the number of phenotypic (population) variables with 
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an average 𝑛𝑐 categories per variable. There are 𝑛𝑝
𝑛𝑐 subgroups in the exploratory space, 

which is an unmanageable scale. Therefore, the core of the patient subgroup stratification 

module (Figure 1-Module 2) is to automatically and efficiently identify a large number of 

viable patient subgroups using phenotypic variables, where unique and qualifiable 

genotypic characteristics are shared by the majority of the patients in the subgroup. This 

approach differs from traditional greedy algorithms in two ways: (1) path expansion selects 

top potential subgroups that have equivalent performance in druggability of the best and 

local optimal selection at any stage of the process to ensure the broadness of selected 

subgroups that are equally viable, and (2) a series of inclusion and exclusion criteria of 

phenotypic variables using the floating selection approach [45] are performed to avoid 

simple greedy selection of subgroups.   

For each path in Figure 1- Module 2.1 and Figure 2, the algorithm begins by 

choosing a single phenotypic variable (𝑃𝑖 = 𝐶𝑖) as a base subgroup with the most significant 

contrast against the remainder of the population. The contrast is measured based on the 

genotypic patterns and subgroup network differentiation from the outer population. 

Genotypic results guide the algorithm to perform the next inclusion or exclusion of 

population variables. The subgroup is identified in the stratification process as a group of 

patients who have the same phenotypic features and share common genotypic patterns and 

network perturbation patterns, which are unique to that subgroup as compared to the rest of 

the population. 

The contrast calculation will be explained in detail in Section 2.3.2. During the 

floating subgroup selection process, the inclusion step (INCLUSION() function in the 

pseudo-code and SG2 and SG3 in Figure 2) adds a new phenotypic variable 𝑃𝑗 = 𝐶𝑗  to the 
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previous subgroup to generate a more focused subgroup (𝑃𝑖 = 𝐶𝑖^𝑃𝑗 = 𝐶𝑗). After each 

inclusion step, the exclusion step (EXCLUSION() function in the pseudo-code and SG5 and 

SG9 in Figure 2) is adopted to exclude a less significant move made previously by removing 

a variable from the “greedy” subgroup if the result of the exclusion process has better 

performance. For example, when the subgroup is (𝑃𝑖 = 𝐶𝑖^𝑃𝑗 = 𝐶𝑗^𝑃𝑘 = 𝐶𝑘) at the third 

inclusion step, the exclusion step will remove the previous less significant move (𝑃𝑖 = 𝐶𝑖) 

from the current subgroup if the newly generated subgroup (𝑃𝑗 = 𝐶𝑗^𝑃𝑘 = 𝐶𝑘) has better 

“druggability gain” (Figure 2, 2nd path in the red expansion process). The druggability 

measurement in this work is computed by the potential drug targets using unique genotypic 

patterns in the current subgroup contrast with the remainder of the population. The patterns 

of genotypic variables are extracted using the PATTERN_MINING() function, where the 

algorithm selects the genotypic patterns that frequent in the most patients in a given 

subgroup. The knowledge base is queried to create a heterogenous network of biomedical 

entities that interact with these patterns including the protein-protein interactions using the 

NETWORK_CREATION() function. 
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Figure 2:  The subpopulation discovery and evaluation process. This is the floating and path expansion 

process, where we have different starting points on different computational nodes. For each point, we add or 

delete a node based on the contrast score. The contrast is evaluated by identifying the significance of adding 

or removing a node. The contrast score (SPC) is calculated for each candidate subgroup as compared to the 

outer population by applying contrast pattern mining and network differentiation. Each point represents a 

potential subgroup, and three layers represent it. The first layer is the phenotypic variables. The second layer 

is the genes' pattern that are frequent in that group of patients. The third layer is the biomedical interaction 

of the patterns in the 2nd layer after mapping them to the DR-KB to create the subgroup's network. The SPC 

score is calculated after comparing the subgroup's network with the rest of the population. 

 

Algorithm: Subgroups Discovery and Drug Repositioning 

Inputs:  

P(D): The phenotypic variable set for dataset D. 

SPC(k): Contrast score for subgroups with k variables. 

𝛼: Stopping criteria.  

M=maximum number of phenotypic variables for contrast subgroups. 
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Output:  

Resulting subgroup with highest contrast SGI 

Recommended drugs for SGI 

Start 

1: 𝑆𝐺𝐼 ←  ∅;  𝑘 ←  0;  𝑆𝑃𝐶(𝑘)  ←  0; 

2: WHILE k < 2 DO: 

3:  Inclusion (P(D), SCGI) 

4:   𝑘 ←  𝑘 + 1 

5: END 

6: While ((SPC (k) – SPC (k-1))/SPC(k)) > 𝛼 AND k < M DO: 

7:  Pinclusion =INCLUSION (P(D), SGI) 

8:  Pexclusion =EXCLUSON (P(D), SGI) 

9:  IF (Pinclusion = Pexclusion) THEN 

10:  𝑘 ←  𝑘 + 1 

11:  𝑆𝑃𝐶(𝑘)  ←  𝑆𝑃𝐶(𝑆𝐺𝐼) 

12: ELSE  

13:  GO TO LINE # 8 

14: END 

15: DRUG_REPOSITIONING(SGI) 

End 

Function: INCLUSION (P(D), SGI) 

1: SGS: potential subgroup set. 

2: 𝑆𝐺𝑆 ←  ∅ 
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3: FOREACH phenotypic variable  𝑃𝑖 ∈ 𝑃(𝐷) DO 

4:  𝐶𝑃𝑆𝑒𝑡(𝑃𝑖) ← [𝑃𝑎𝑖𝑟𝑠(∀ 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙 𝑣𝑎𝑙𝑢𝑒(𝑃𝑖  ) ↔ 𝑜𝑢𝑡𝑒𝑟 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛)] 

5: FOREACH CP(𝐶𝑖,𝑎, _) ∈ CPSet(𝑃𝑖) 

6:  𝑆𝐺𝐼𝑡𝑒𝑚𝑝  ←  𝑆𝐺𝐼 +  CP(𝐶𝑖,𝑎, _) 

7:  𝑆𝐺1 ← 𝐷(𝐶𝑖,𝑎) 

8:  𝑆𝐺2 ← 𝐷 − 𝐷(𝐶𝑖,𝑎) 

9:  𝑃𝑇𝑅1 ← 𝑃𝐴𝑇𝑇𝐸𝑅𝑁_𝑀𝐼𝑁𝐼𝑁𝐺(𝑆𝐺1) 

10:  𝑃𝑇𝑅2 ← 𝑃𝐴𝑇𝑇𝐸𝑅𝑁_𝑀𝐼𝑁𝐼𝑁𝐺(𝑆𝐺2) 

11:  𝑁𝑊1 ← 𝑁𝐸𝑇𝑊𝑂𝑅𝐾_𝐶𝑅𝐸𝐴𝑇𝐼𝑂𝑁(𝑃𝑇𝑅1)  

12:  𝑁𝑊2 ← 𝑁𝐸𝑇𝑊𝑂𝑅𝐾_𝐶𝑅𝐸𝐴𝑇𝐼𝑂𝑁(𝑃𝑇𝑅2) 

13:  SPC(𝑆𝐺𝐼𝑡𝑒𝑚𝑝) ←  𝐶𝑂𝑁𝑇𝑅𝐴𝑆𝑇_𝐶𝐴𝐿𝐶𝑈𝐿𝐴𝑇𝐼𝑂𝑁(𝑁𝑊1, 𝑁𝑊2) 

14:  Add 𝑆𝐺𝐼𝑡𝑒𝑚𝑝 to SGS 

15: END 

16: END 

17: 𝑆𝐺𝐼ℎ𝑖𝑔ℎ𝑒𝑠𝑡 ←  𝑇ℎ𝑒 ℎ𝑖𝑔ℎ𝑒𝑠𝑡 𝑆𝑃𝐶 𝑠𝑢𝑏𝑔𝑟𝑜𝑢𝑝 

18: SGI ←  𝑆𝐺𝐼ℎ𝑖𝑔ℎ𝑒𝑠𝑡 

19: Remove phenotypic variables of 𝑆𝐺𝐼ℎ𝑖𝑔ℎ𝑒𝑠𝑡 from P(D) 

 

Function: EXCLUSION (P(D), SGI) 

1: SGS: potential subgroup set. 

2: 𝑆𝐺𝑆 ←  ∅ 

3: FOREACH CP(𝐶𝑖,𝑎, _) ∈ 𝐶𝑃𝑆𝑒𝑡(𝑃𝑖) 

4: 𝑆𝐺𝐼𝑡𝑒𝑚𝑝  ←  𝑆𝐺𝐼 −  CP(𝐶𝑖,𝑎, _) 
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5: 𝑆𝐺1 ← 𝐷(𝐶𝑖,𝑎) 

8: 𝑆𝐺2 ← 𝐷 − 𝐷(𝐶𝑖,𝑎) 

9: 𝑃𝑇𝑅1 ← 𝑃𝐴𝑇𝑇𝐸𝑅𝑁_𝑀𝐼𝑁𝐼𝑁𝐺(𝑆𝐺1) 

10: 𝑃𝑇𝑅2 ← 𝑃𝐴𝑇𝑇𝐸𝑅𝑁_𝑀𝐼𝑁𝐼𝑁𝐺(𝑆𝐺2) 

11: 𝑁𝑊1 ← 𝑁𝐸𝑇𝑊𝑂𝑅𝐾_𝐶𝑅𝐸𝐴𝑇𝐼𝑂𝑁(𝑃𝑇𝑅1)  

12: 𝑁𝑊2 ← 𝑁𝐸𝑇𝑊𝑂𝑅𝐾_𝐶𝑅𝐸𝐴𝑇𝐼𝑂𝑁(𝑃𝑇𝑅2) 

13: SPC(𝑆𝐺𝐼𝑡𝑒𝑚𝑝) ←  𝐶𝑂𝑁𝑇𝑅𝐴𝑆𝑇_𝐶𝐴𝐿𝐶𝑈𝐿𝐴𝑇𝐼𝑂𝑁(𝑁𝑊1, 𝑁𝑊2) 

14: Add 𝑆𝐺𝐼𝑡𝑒𝑚𝑝 to SGS 

15: END 

17: 𝑆𝐺𝐼ℎ𝑖𝑔ℎ𝑒𝑠𝑡 ←  𝑇ℎ𝑒 ℎ𝑖𝑔ℎ𝑒𝑠𝑡 𝑆𝑃𝐶 𝑠𝑢𝑏𝑔𝑟𝑜𝑢𝑝 

18: SGI ←  𝑆𝐺𝐼ℎ𝑖𝑔ℎ𝑒𝑠𝑡 

19: Add phenotypic variables of 𝑆𝐺𝐼ℎ𝑖𝑔ℎ𝑒𝑠𝑡 back to P(D) 

 

    In this work, instead of tracking only one path, the path expansion process considers the 

top 𝛽% paths based on the druggability gain measurements as the potential successful 

subgroups at each inclusion and exclusion step, where 𝛽 is defined as a tracing factor that 

expands the search to top performers. For example, in parallel to the selection of P1 at the 

root of the tree structure in Figure 2, there are multiple paths that are among the top 𝛽% in 

druggability performance. This fanout number could range between 1 and 0.1 ∗ ∑ 𝐶𝑝
𝑛𝑝

𝑝=1  

branches per node, where 𝐶𝑝 is the number of categorical values of phenotypic variable 𝑝.  

The evaluation of the druggability gain at each step is done by applying subgroups contrast 

(Section 2.3.2). Unlike traditional optimization methods that result in sub-optimal solutions, 

this deep mining process will generate a sizable number of subgroups through the expansion 
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process and less greedy results through the floating process. This process is deep mining 

because the algorithm does not simply offer a single model through a traditional greedy 

approach. Rather, it takes a sizable number of branches during each step and the final export 

often generates hundreds to thousands of subgroups. It is analog to deep learning methods 

to scale the number of encoding and decoding layers with a massive number of neurons that 

cannot be trained without today’s computation power. This method works in a deep and 

wide manner to find subgroups. It is “deep” because the algorithm proceeds from a most 

general subgroup to a more specific subgroup for each path. This happens by going deeper 

in each path. The exploratory search will be terminated in each path when the algorithm 

gets into a most highly specific subgroup with the highest contrast score that cannot be 

improved further. This algorithm works in a “wide” manner because it explores a large 

number of “equally creditable” paths from each stratification decision to identify new 

subgroups. 

The subgroup prioritization method (Section 2.3.3) is used to decide whether to keep 

a node (feature) or remove it if the parent node has more significance than the child node, 

meaning that the child node does not add further specificity, thus ending that path. A 

distributed computing framework with Apache Spark was utilized to run this 

computationally expensive process. The Big O for the algorithm is 𝑂((𝛽𝑛𝑐𝑛𝑝
2)

𝑛𝑐
), where 

𝛽 is the tracing factor, 𝑛𝑝 is the number of phenotypic (population) variables, and 𝑛𝑐 is the 

average number of categories per variable. After finishing the floating and expansions, the 

candidate subgroups are prioritized using an index that evaluates the aggregated 

contributions of all the extracted contrast patterns within each subgroup based on the 

number of contrast patterns (e.g., co-occurring mutated genes) and the significance (e.g., 
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druggabilities) of those patterns. The final output of this tool is a ranked subgroup list. For 

each subgroup, the contrast patterns which differentiate a given subgroup from the entire 

patient population were provided. These patterns present insight into underlying differences 

among subgroups and are valuable for further study or for clinical trials. 

2.3.2  SUBGROUP CONTRAST 

As discussed in the previous section, the evaluation of subgroup significance is 

performed by measuring the contrast between the subgroup and its outer population. For 

each candidate subgroup representing a set of phenotypic characteristics, the algorithm finds 

all genotypic patterns that are frequent within the subgroup but infrequent in the remaining 

population. Support [46] is used to evaluate whether a given pattern is frequent in a 

subgroup and growth rate [44] to evaluate the contrast of the pattern in the selected 

subgroup. In addition, each pattern is evaluated based on its druggability. By mapping these 

patterns to the DR-KB, the contrast of each subgroup with the outer population is evaluated 

using multiple biomedical entities, including gene, biological process, cellular component, 

molecular function, pathway, anatomy, side effect, pharmacological class, disease, 

symptom, and drugs that are connected to these patterns in the DR-KB network. Because 

there are multiple patterns in each subgroup, an overall evaluation of the subgroup can be 

assessed by aggregating the contributions of the selected patterns. This subgroup evaluation 

is used to assess the druggability gains on the floating and expansion process in Section 

2.3.1.   

Let D be the patient dataset in a subgroup, which includes n genotypic variables, G = 

(g1, g2, …, gn). Pattern p that is commonly shared within patients in a given subgroup is 

defined as a set of genotypic variables, such as p = (g1,e1,g2,e2,…,gi,ei), where gi,ei is the 
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expression level or mutation status of gene i. The expression level or the mutation status 

should be represented as a categorial value. This process is accomplished using the 

PATTERN_MINING() function in the pseudo-code.  

The pattern is “frequent” if its support is greater than a user-defined threshold. The 

support of pattern p is the number of records (patients) that have that pattern (|<D,p>|)  

divided by the total number of records in the dataset D (|D|): 

𝑆𝑢𝑝𝑝𝑜𝑟𝑡(𝑝, 𝐷)  =  
|<𝐷,𝑝>|

|𝐷|
    (1) 

To find the contrast pattern (cp) between the focus subpopulation and the rest of 

the population, SG1 represents the focused subgroup and SG2 represents the remaining 

population, where SG2=D-SG1. The support of the contrast pattern should be significantly 

different between SG1 and SG2. Let s1 be the support of a contrast pattern in SG1 and s2 the 

support of the same pattern in  SG2. The growth is used to measure the difference between 

the two groups. The growth of contrast pattern cp between subgroup SG1 and the remaining 

population SG2 is defined as follows: 

Growth(cp, SG1, SG2) = 
𝑀𝑎𝑥{𝑠1,𝑠2}

𝑀𝑖𝑛{𝑠1,𝑠2}
    (2) 

The growth ratio is normalized to be between 0 and 1 using an extended version of 

the tanh function [47]. Let α be the threshold for the support and β the threshold of growth 

rate. To ensure that a cp is frequent and has significant differences between the two groups, 

the following condition should be held: 

(Support (cp, SG1) ≥ α OR Support (cp, SG2) ≥ α) AND (Growth (cp, SG1, SG2) ≥ β)         (3) 
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This condition identifies two sets of contrast patterns CP1 and CP2 for the target 

subgroup and the outer population, respectively. For each contrast pattern cpn with multiple 

genotype variables, the subset of the pattern cpi ⊆ cpn will be kept when Growth(cpi, SG1, 

SG2)−Growth(cpn, SG1, SG2) > 0. These selected contrast patterns are utilized to evaluate each 

subgroup during the floating and path expansion procedure discussed in Section 2.3.1. 

For the purpose of drug repositioning, contrast patterns should embed the 

druggability of the candidate subgroups. For a gene set in a pattern that is frequent in the 

focus subgroup but not in the remaining population, the DR-KB is queried to extract the 

biomedical entities connected to each gene in the pattern. Each pattern is represented by a 

subnetwork of the DR-KB. An aggregated network for a given subgroup is obtained by 

integrating all frequent patterns. To measure the significance of the subgroup based on its 

relevant patterns and druggability, a contrast score (𝑆𝑃𝐶𝑆𝑐𝑜𝑟𝑒) is calculated using the 

CONTRAST_CALCULATION() function in the pseudo-code. The calculation of this score 

is based on values of two major components that were multiplied to obtain the contrast score 

(Equation 5).  

The first component of the product in Equation 5 measures the contrast of the given 

subgroup based on the genotypic characteristics of the patients within that subgroup, while 

the second component measures the contrast of the given subgroup in comparison to the 

outer population on different levels of biomedical entities that are unique to the subgroup. 

In the first component, 𝑇 is a parameter related to the population size 𝑡, where 𝑇 = {𝑡, 1/𝑡}.  

𝑇 = 𝑡 when a large population is preferred and 𝑇 = 1/𝑡 when a smaller population is 

preferred, such as a study of a rare disease. 𝑀 is the average population size of randomly 

chosen contrast subgroups prior to path expansion. Jorg and Javg are calculated based on the 
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J-value, that is a quantitative index to evaluate the overall quality of a set of contrast 

patterns in the subgroup. The J value for each subgroup is used to prioritize it among all 

discovered subgroups. This J value measurement was inspired by the g-index, which is 

commonly used to evaluate the productivity of a scholar. If a subgroup (scholar) has a set 

of patterns (articles), the 𝐽-index (g-index) is measured by ranking them in decreasing order 

based on their growth rate (citations) and then by taking the largest number such that the 

top 𝐽 contrast patterns (top g articles) have cumulatively received at least 𝐽2 (𝑔2) scores. 

The 𝐽-value is defined as follows: 

𝐽2 ≤ ∑ 𝐺𝑟𝑜𝑤𝑡ℎ(𝑐𝑝, 𝑆𝐺1, 𝑆𝐺2)𝑖≤𝐽     (4) 

In the second component of Equation 5, different biomedical entities are considered 

in addition to patient genotype patterns that are unique in the subgroup of interest. The 

biomedical entities that are unique to the subgroup but not to the entire disease population 

are also considered. This is the motivation to include the second component of the product 

in the equation.  

𝑆𝑃𝐶𝑆𝑐𝑜𝑟𝑒 = [(𝑇 ∗ 𝐽𝑜𝑟𝑔 + 𝑀 ∗ 𝐽𝑎𝑣𝑔)/(𝑇 + 𝑀)] ∗ [1 − (∑ ((𝐸𝑖,1 ∩ 𝐸𝑖,2)𝑛
𝑖=1 /(𝐸𝑖,1 ∪ 𝐸𝑖,2))/𝑛)] (5) 

Patient stratification is accomplished by considering the patients’ specific data and 

a comprehensive biomedical knowledge base. The knowledge base is heterogeneous to 

represent the different aspects of the human biological system and the prospective effects 

of drugs on this system. Each component contributes to the biological and druggable 

meaningfulness for the patient stratification process. Taking all the biomedical similarities 

and differences into account in determining the subgroups is essential to arriving at a more 

comprehensive assessment for the subgrouping. To address the heterogeneity of biological 



24 
 

systems in the context of drug repositioning, DR-KB network similarity is integrated into 

the contrast score calculation.  

Let BioE be the types of the biomedical entities in the network. BioE = {Gene, 

Biological process, Cellular component, Molecular function, Pathway, Tissue (Anatomy), 

Drug (Compound), Side effect, Pharmacological class, Disease, and Symptom}. These 

different biomedical entities are essential for calculating subgroup druggability because the 

drug effect is not only dependent on the genes as isolated entities. These genes are part of 

different biomedical entities, and perturbations of these genes have differing impacts 

through the relationships of and interactions with various biomedical entities. For example, 

genes with disease [48-50], pathways [51, 52], GO [53-55], tissues [56], side effect [57, 58], 

and the pharmacological classes [59] were used in drug repositioning. In the knowledge 

base, there are 11 possible biological entity types in the network (n = |BioE| = 11). The 

interactions between genes are based on protein-protein interaction but are represented by 

the gene names that encode these proteins to reduce the complexity. Gene–interacts–Gene 

edges represent the physical interaction of the protein products of these genes [24].  

Ei,1 is biomedical entity type i in the focus group’s network, Ei,2 is biomedical entity 

type i in outer population network, Ei,1 ⋂ Ei,2 represents the number of common entities in 

entity’s type i between the focus group and outer population. Ei,1 ⋃ Ei,2 represents the 

number of all possible entities in entity’s type i between the focus group and outer 

population. By dividing the number of common entities by the number of all possible 

entities, the score of similarity between the two groups is obtained. Subtracting the similarity 

score from 1 gives the percentage of difference (contrast) between the two groups based on 

the extracted knowledge from drug repositioning knowledge base. SPCScore, which is a 
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product of the two components, represents the contrast score between the focus group and 

the outer population (Figure 1- Module 2.2). This method ensures that each subgroup with 

common phenotypic characteristics is distinct from the rest of the population. It also ensures 

homogeneity within each subgroup by including patients who have similar genotypic 

features. As the method ensures homogeneity within each subgroup, it allows a patient to 

exist in multiple subgroups to provide desirable flexibility in the healthcare setting. 

Critically, this provides the ability to find alternative treatment options when the first or 

second line of treatment fails. Therefore, heterogeneity among subgroups should not be 

enforced. At the same time, the heterogeneity between the more general subgroup and the 

more targeted subgroup arises on the genotypic level, where having a smaller subset of the 

population could enable the algorithm to discover new genotypic patterns that were not 

statistically significant in a more general population. To ensure statistical significance, we 

kept only the subgroups with a p-value < 0.05.  

2.3.3  SUBGROUPS PRIORITIZATION  

The number of candidate subgroups selected by the floating and expansion process 

could be hundreds. The SPCScore is used to rank the subgroups. The higher the SPCScore, the 

higher the potential for drug repositioning. Because this method was developed to improve 

patient care, all steps should be explainable and acceptable for practitioners. For clinically 

meaningful results, a physician-in-the-loop process was necessary to prioritize the 

subgroups further using a two-phase method. First, physician-in-the-loop provides a 

filtering mechanism where the focus will be on only a subset of the subgroups instead of 

going through the hundreds of subgroups resulting from our method. Second, the physicians 

may decide the most relevant subgroups by evaluating the top subgroups using the SPCScore 
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or using initial hypotheses formed by clinical observations and literature to prioritize all 

candidate subgroups. For example, in the CRC study, the physician investigators chose to 

focus on the subgroups with microsatellite (MS) status as one of the clinical variables in the 

CRC case study in which seven subgroups with Microsatellite Instability (MSI) test results 

were further examined as a phenotypic characteristic among the statistically significant 

subgroups (p-value<0.05). The rationale for the selection of groups based on MS status is 

related to therapeutic selection and tumor biology [60]. Microsatellite instable tumors are 

associated with hypermutation due to the inactivation of mismatch repair genes via either 

germline mutation or methylation, accounting for 13-15% of CRCs. The remaining 85% of 

colorectal cancers develop via the chromosomal instability pathway, referred to as 

microsatellite stable, following a well-described pathway acquiring mutations through the 

adenoma to carcinoma sequence as described in seminal work by Vogelstein, et al [61]. 

While these tumors appear to be biologically different, most critically, these tumors are also 

characterized by different prognosis, response to standard therapy, and response to novel 

therapy including both targeted and immune-based therapy [62-64]. Therefore, this 

designation was felt to be highly clinically relevant. The subgroups that are selected through 

the physician-in-the-loop process are then chosen as the input for the next step in which 

drug candidates are evaluated and analyzed for each subgroup. 
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2.4 DRUG REPOSITIONING 

A drug repositioning algorithm is used to reposition drugs that fit best for the patients 

in each subgroup. As mentioned before, a subgroup network consists of heterogeneous 

entities. In each network, there is a number of entities of each type including drugs. To find 

drugs with the highest potential to treat the patients in a subgroup, the drugs within each 

network must be ranked according to their relevance to the genotypic characteristics 

(Figure 1-Module 3). A drug scoring function was developed which included different 

factors to put the drug impact within the subgroup network (SGNW) and its impact in 

general on the human cells into perspective. The development of the scoring system 

consists of 2 stages. First, an aggregated drug score was developed to rank the drugs within 

each network based on the number and the weight of direct and indirect conections for each 

drug within a subgroup’s network (Section 2.4.1). Second, the drugs scoring function was 

upgraded to include wider range of factors to assess the impact of drugs on the cell in 

general in addition to their impact within the subgroup’s network (Section 2.4.2).  

2.4.1 DRUG EVALUATION USING AGGREGATED DRUG SCORING 

The biomedical entities directly and indirectly connected to each gene, which is 

DEG, in the patterns are extracted from the DR-KB (Figure 1- Module 2.3), which is 

represented as a neo4j directed graph G=(VG, EG). For drug repositioning, drugs within 

each subgroup's network must be evaluated based on the connectivities of each drug in the 

network. This evaluation depends on how many genes in the subgroup are affected by that 

drug and the connectivity between the genes and other biomedical entities in the network. 

To accomplish this, an aggregated drug score is calculated over each subgroup's network 

for each drug. 
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Let GS=(g1, g2, …, gn) be the genotypic signature of subgroup SGi. A graph H 

composed of a collection of sub-networks for all genes in GS can be obtained through the 

following equation:  

𝐻 =  {(𝑉𝐻, 𝐸𝐻) | (𝑉𝐻  𝑉𝐺)   (𝐸𝐻  𝐸𝑉)  𝑔  𝐺𝑆}    (6) 

, where VH is a set of vertices in which g is reachable. The resulting network is 

representative of the subgroup with different biomedical entities, including genes, 

biological processes, cellular components, molecular functions, pathways, tissues, diseases, 

and drugs. Due to multiple candidate drugs in each subgroup's network, the drug 

prioritization method is required to rank drugs within each network. An aggregated weight 

calculation algorithm is used to prioritize the drugs in each subgroup network.  

Let G be the subgroup network. G=(V, E) is a rooted graph where all vertices are 

directed toward the drugs d as shown in Figure 3. G  has edge weights w: E⇾ℝ. The 

assignment of weights is based on interaction types. For example, gene-gene interaction 

has a higher weight than that of tissue-disease interaction.  

In the subgroup network, only the entities directly or indirectly connected to genes that, 

in turn, are connected to drugs were retained. A gene is determined to be connected to a 

drug if: 

• There is a direct edge eij(vj,vi)  E that connects gene vj to drug vi (gene g1 and 

drug di in Figure 3-A). 

• There is an indirect edge, eij(vj,vi), that connects one or more genes of the 

subgroup’s genes set to a drug through another gene if eix(vx,vi)  E  and exj(vj,vx) 

 E, where vx is a gene (ga in Figure 3-B). 
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• There is an indirect edge, eij(vj,vi), that connects a gene to a drug through a disease 

if eix(vx,vi)  E  and exj(vj,vx)  E, where vx is a disease (sn in Figure 3-C). 

First, a score is calculated for each gene in G. The score is the weighted sum of all 

paths that connect a leaf node to the given gene. Let P be a path that goes from a leaf node 

vk to the given gene vi, P=<vi, v1, …, vk>, and Nik is the total number of paths directed 

toward node vi from any leaf node vk.  

𝑤(𝑣𝑖) = ∑ ∑ 𝑤(𝑣𝑝,𝑗 , 𝑣𝑝,𝑗−1)𝑘
𝑖=1

𝑁𝑖𝑘
𝑝=1 ,     (7) 

, where w(vi) is the weight or the score of the given gene vi and w(𝑣𝑝,𝑖−1, 𝑣𝑝,𝑖) is the weight 

of the edge that pointed from node 𝑣𝑖−1 to the node 𝑣𝑗  in path P. A drug score (DScore) can 

be determined by calculating the sum of the weights of all genes that have interactions with 

that drug. 

𝐷𝑆𝑐𝑜𝑟𝑒 =  ∑ 𝑤(𝑣𝑛)
𝑑𝐺`
− (𝑑𝑖)

𝑛=1 ,      (8) 

where 𝑑𝐺′
− (𝑑𝑖) is the in-degree of vertex 𝑑𝑖 in 𝐺′. 𝑤(𝑣𝑛) is the weight of a gene with index 

n within the the set of genes that are connected to drug 𝑑𝑖.  
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Figure 3: An example of aggregated drug score calculation for each drug, where v’s represent the vertices of 

that subgroup’s network, and w’s are the weights of the edges that connect one node to another. The 

aggregated score is calculated layer by layer from the leaf nodes to the root nodes, the genes (g1, ga, and sn). 

g1 is a gene from the subgroup’s genes set. The final drug score is calculated by summing up the aggregated 

score (w(g’s)) of all the genes connected to that drug.  

The subgroups discovery and drug repositioning framework returns a list of 

subgroups as output. Each subgroup has a contrast score, the SPCScore, representing the 

contrasts between a given subgroup and the entire disease population. For each subgroup, 

a set of drugs within each subgroup’s network are ranked using DScore, where an increased 

score represents a drug more relevant to the subgroup. In each stage of the analysis, medical 

experts, the physician co-authors specializing in breast, colorectal, and lung cancers, were 

included in the decision process. In the evaluation for the candidate drugs, a physician-in-

the-loop is required to evaluate both the effectiveness and side effects of top-ranked drugs. 

Physicians can assess the effectiveness of a drug based on the relationship between the 

drug's molecular profile as well as the gene patterns in the perturbed biological entities. 

Such explainable results, contributed from the motivation and design of the algorithm, are 

intuitive to clinicians when explaining why the drugs are recommended with underlying 

biological mechanisms to healthcare providers, as explainability is a critical limitation to 

the adoption of many current data mining methods. For the candidate drugs, the physician 
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can further evaluate pateint comorbidity, risk factors, and medical history to assess for 

interactions and potential side effects. This section has been published in the Journal of 

Biomedical Informatics [43]. 

2.4.2 DRUG EVALUATION USING COMPREHENSIVE DRUG SCORING 

   The drug scoring function was upgraded to include different factors that put the drug 

impacts within the subgroup network (SGNW) into perspective, as well as their impacts in 

general on human cells. The number of abnormally expressed genes in a subgroup, gene 

expression affected by each drug, and the importance of each gene within the SGNW are 

considered. For example, hub genes have more significance than genes with few 

connections. Gene weight is based on the percentage of entities of each biomedical type that 

connects to each gene. The mean of gene frequency (MGF) is calculated for each gene in 

the SGNW, as follows: 

MGF(𝐺𝑒𝑛𝑒𝑖) =

∑
𝑛𝐸𝑘𝑖
𝑁𝐸𝑘

𝑒

𝑘=1

𝑒
                                         (9) 

, where 𝐺𝑒𝑛𝑒𝑖 is a gene in SGNW for which the frequency is calculated, 𝑒 is the total 

number of entity types in 𝑆, and  𝐸𝑘 ∈  𝑆, 𝑆 =  [𝐺𝑒𝑛𝑒, 𝑃𝑎𝑡ℎ𝑤𝑎𝑦, Biological process,

Cellular component, Molecular function], and 𝑛𝐸𝑘𝑖 is the total number of entities of type 

𝐸𝑘 that are in direct interaction with 𝐺𝑒𝑛𝑒𝑖. 𝑁𝐸𝑘 is the total number of entities of type 𝐸𝑘 

that exist in the SGNW. The 𝑀𝐺𝐹 is calculated for all the genes in the SGNW. 

The algorithm calculates an initial weight for each drug, the accumulative gene 

frequency (AGF), which corresponds to the accumulative weight of all the genes connected 

to each drug in the SGNW.  

𝐴𝐺𝐹(𝐷𝑟𝑢𝑔𝑗) = ∑ 𝑀𝐺𝐹(𝐺𝑒𝑛𝑒𝑖)
𝑚
𝑖=1                                  (10) 
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, where m is the total number of genes whose expression is altered by 𝐷𝑟𝑢𝑔𝑗 within a given 

subgroup. The 𝐴𝐺𝐹 for 𝐷𝑟𝑢𝑔𝑗  is the overall summation of the 𝑀𝐺𝐹 scores for each of 

these genes. This equation assigns a value that represents the importance of the drugs in 

terms of their ability to perturb gene expression. The weight represents the importance of 

a gene in the subgroup network. The 𝐴𝐺𝐹 value characterizes a drug's importance as the 

average of the genes' importance connected to that drug. 

The other significant factor to consider is the patterns of each subgroup. In the 

algorithm, genes are not treated as independent entities. In addition to taking the interaction 

of the subgroup genes with other genes and other biomedical entities, the gene patterns 

formed within each subgroup are considered. To address this, the percentage of patterns 

targeted by each drug, 𝑃𝐴(𝐷𝑟𝑢𝑔𝑗), is calculated as follows:  

𝑃𝐴(𝐷𝑟𝑢𝑔𝑗) =
𝑁𝑃𝑗

𝑁𝑃
                                                 (11) 

, where 𝑁𝑃𝑗 is the total number of gene expression patterns targeted by 𝑁𝑃𝑗 in the subgroup 

of interest, and NP is the total number of gene expression patterns in this subgroup. Then, 

the overlap score measure (OSM) is calculated for each drug in the SGNW. The OSM of a 

drug is the summation of that drug’s importance on two levels. One level is the connection 

between that drug and the genes in the subgroups, AGF. The other level is the importance 

of the drug based on the patterns targeted by that drug, PA: 

𝑂𝑆𝑀(𝐷𝑟𝑢𝑔𝑗) = 𝑃𝐴(𝐷𝑟𝑢𝑔𝑗)  +  𝐴𝐺𝐹(𝐷𝑟𝑢𝑔𝑗).                        (12) 

In addition to the accumulative gene weights and the percentages of gene patterns 

impacted by each drug, the algorithm considers the ratio of genes whose expression is 

affected by each drug. This is accomplished by calculating the gene percentage targeted by 

each drug (GP) as follows: 
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 𝐺𝑃(𝐷𝑟𝑢𝑔𝑗) =
𝑁𝐺𝑗

𝑁𝐺
                                               (13) 

, where 𝑁𝐺𝑗 is the total number of genes whose expression is perturbed by 𝐷𝑟𝑢𝑔𝑗 in the 

subgroup of interest, and NG is the total number of genes in this subgroup. 

In this study, the drugs with high  a OSM are essential to a given subgroup, and the 

prioritization of these drugs should be ensured. This is similar to the idea in information 

retrieval theory, where terms that appear in the majority of documents have less 

importance, like stop words such as “the”, and “is”, and so on. Drawing inspiration from 

idea of the inverse document frequency (IDF) to calculate the drug score [65], the inverse 

drug frequency (IDF) is calculated for each drug in each subgroup. This helps to increase 

the score of drugs that are unique to a subgroup and decrease the score of common drugs 

that could be related to cancer in general, but not to that subgroup of interest in particular. 

The biological reasoning behind using IDF as a scoring factor is to account for the amount 

of perturbation a drug could cause in the human cells. The drugs that most of its targets are 

part of the subgroup's gene patterns need to be preferred to prevent causing unnecessary 

perturbation in the human body. The IDF was calculated as: 

𝐼𝐷𝐹(𝐷𝑟𝑢𝑔𝑗) =  log10 (
𝑁𝑠

𝑛𝑆𝑗
)                                         (14) 

, where 𝑁𝑠 is the total number of genes in the RD-KB and 𝑛𝑆𝑗 is the number of genes 

targeted by 𝐷𝑟𝑢𝑔𝑗 in that subgroup network. 

Finally, the impact of each drug is evaluated within the SGNW to rank the drugs 

based on different factors that determine each drug’s effect. The final drug score 

(𝐷𝑆𝑐𝑜𝑟𝑒(𝐷𝑟𝑢𝑔𝑗)) is: 

𝐷𝑆𝑐𝑜𝑟𝑒(𝐷𝑟𝑢𝑔𝑗) =  𝑂𝑆𝑀(𝐷𝑟𝑢𝑔𝑗)  ∗  𝐼𝐷𝐹(𝐷𝑟𝑢𝑔𝑗) ∗  𝐺𝐴(𝐷𝑟𝑢𝑔𝑗).               (15) 
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Each drug within the SGNW is assigned a 𝐷𝑆𝑐𝑜𝑟𝑒 for ranking purposes. The higher the 

score, the more potential the drug has as a treatment for a given subgroup. This method 

addresses the importance of considering different factors in ranking drugs. The ranking is 

not only based on the genes connected to the drugs and their significance in the network, 

but also on the gene expression perturbation a drug can cause in human cells and the 

number of gene patterns affected by the drug within the subgroup's network. This section 

has been published in the Cancers journal [66] 
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3.1 INTRODUCTION 

The results portion reviews the outcomes of three experiments which implement the 

subgroup prioritization and drug repositioning framework. Section 3.2 is the results of 

implementing the patients stratification and aggregated drug scoring on colorectal cancer 

data. Section 3.3 is the results of implementing the patients stratification and comprehensive 

drug scoring on breast cancer data. Section 3.4 is the results of pan-cancer analysis after 

implementing the patients stratification and comprehensive drug scoring on a set of 11 

cancer types that have a survival rate of less than 75%. These cancer types are brain, colon, 

esophagus, kidney, liver, lung, ovary, pancreas, rectum, stomach, and triple negative breast 

cancer. The TCGA was the source for the genotypic and phenotypic data for the diseases in 

these three experiments. 

3.2 COLORECTAL CANCER ANALYSIS RESULTS AND DISCUSSION 

Differentially expressed genes and the phenotypic data were used with the 

heterogeneous biomedical knowledge base for subgroup discovery and drug repositioning 

using CRC patients from the TCGA. This section has been published in the Journal of 

Biomedical Informatics [43].  In this section, the results of the analysis are explained using 

CRC as a case study. Section 3.2.1 describes the subpopulation discovery results. Section 

3.2.2 concerns drug repositioning and prioritization for each subgroup within this CRC 

population. Section 3.2.3 discusses the relations between drugs and genes in the subgroup 

networks. Section 3.2.4 presents the analysis of the subgroups’ top-ranked drug candidates. 

Section 3.2.5 is the discussion of the finding in the colorectal cancer SPDR analysis.  
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3.2.1  SUBPOPULATION RESULTS 

 After performing exploratory data mining, the resulting subgroups were filtered 

based on the SPCScore. Subgroups with SPCScore > 0 are considered to be significant CRC 

subgroups. The total number of subgroups that met this condition was 130 (see Supplement 

2 in [67]). The SPCScore ranged between 2.5 and 53 (mean SPCScore = 17.44 ±8.60; see Table 

1 and Supplement 2 in [67]). These subgroups were then categorized based on clinically 

relevant features in consultation with clinicians experienced in treating CRC patients. 

Among 130 subgroups, the focus was directed to a set of subgroups with population 

variables containing microsatellite status (MS) which has three possible values/categories, 

namely, microsatellite instability-high (MSI-H), microsatellite instability-low (MSI-L), 

and microsatellite stability (MSS). Microsatellite status is a critical clinical feature of CRC, 

as studies have demonstrated important molecular differences impacting treatment 

response [68]. Additionally, patients with MSI-H tumors are the only patients with CRC 

that have demonstrated significant responses to immune checkpoint blockade [69]. Using 

this sub-categorization, 25 subgroups were found with MS status as part of the population 

variables listed in Table 1.  

Subgroup 

category 

Number of 

subgroups 

Number of 

population 

variables 

SPCScore 

Number of 

patients per 

subgroup 

Genes per group 
Number of drugs 

per group 

Min Max Mean SD Mean SD Mean SD Mean SD 

MSI-H 11 1 3 37.85 10.39 64 12 642.55 518.88 845.27 267.39 

MSI-L 2 2 3 4.21 2.47 54 4 1045.5 183.14 1135.5 36.06 

MSS 12 1 4 15.22 14.96 130 100 1234 701.28 1125.40 213.80 

Table 1: Categories of MSI test subgroup s. MSI-H = microsatellite instability-high; MSI-L = microsatellite 

instability-low; MSS = microsatellite stable 
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In addition to MS status, there are critical differences in treatment outcomes based 

on specific clinicopathologic factors such as gender, anatomic location, and lymphatic 

invasion [70-73]. These factors were also found to be critical features using the exploratory 

data mining algorithm when combined with MS status. Due to clinical significance, the 

focus was on specific subgroups with these critical and clinically relevant features for in-

depth study (see Table 1, Table S2 in Supplement 1, and Supplement 3 in [67]). To 

pictorially present subgroups from the three categories, Figure 4 shows subgroups matched 

with relevant drugs. For example, within the subgroups that have MSI-H as a phenotypic 

variable, right-sided colon cancer (P2R) and no lymphatic invasion (P6N) are features in 

three different subgroups. The first subgroup has MSI-H and P2R as phenotypic features 

and the suggested drugs for this subgroup are Cerulenin, Crizotinib, and Afatinib. The 

second subgroup has MSI-H and P6N as phenotypic features and the suggested drugs for 

this subgroup are Idarubicin, Dactinomycin, and Doxorubicin. The third subgroup has 

MSI-H, P2R and P6N as phenotypic features and the suggested drugs for this subgroup are 

Menadione, Dasatinib, and Vinblastine. 

3.2.2 DRUG REPOSITIONING RESULTS 

 

Unique, differentially expressed genes for each subgroup were used to query the 

drug knowledge base (see Table 1). For each differentially expressed gene (DEG), all the 

biomedical entities were retrieved to create a network that represents the given subgroup 

(see Table S3 in Supplement 1, and Supplement 3 in [67]).   

1- Subgroup1 (SG1): The patients in this subgroup have MSI-H as their MSI test result 

and have no lymphatic invasion. This subgroup contains about 10% of patients. The 

uniquely differentially expressed genes are RAB37, GCK, and NOP56. The top 
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three predicted candidate drugs for this subgroup are Idarubicin, Dactinomycin, and 

Doxorubicin. 

2- Subgroup2 (SG2): The patients in this subgroup have MSI-H as their MSI test 

result, and they have right-sided colon as their anatomic neoplasm subdivision. This 

subgroup contains about 14% of the sample. The uniquely differentially expressed 

genes are PLXNA1, FDXR, AGRN, and MYO7A. The top three predicted 

candidate drugs for this subgroup are Cerulenin, Crizotinib, and Afatinib. 

3- Subgroup3 (SG3): The patients in this subgroup have MSI-H as their MSI test 

result. These patients have right-sided colon as their anatomic neoplasm 

subdivision with no lymphatic invasion. This subgroup contains about 10% of the 

sample. The uniquely differentially expressed genes are TCEA2, SNRPN, SPG20, 

LOC157381, YPEL4, MUM1L1, FBXO17, MYLK3, NHLRC1, ELMOD1, 

COL25A1, CBLN4, LOC339535, SOX30, and KCNJ3. The top three predicted 

candidate drugs for this subgroup are Menadione, Dasatinib, and Vinblastine. 

4- Subgroup4 (SG4): The patients in this subgroup are female with MSS as their MSI 

test result. This subgroup contains about 29% of the sample. The uniquely 

differentially expressed genes are PRKY, GYG2, XIST, and COX7B2. The top 

three predicted candidate drugs for this subgroup are Varenicline, Digitoxin, and 

Gefitinib. 

5- Subgroup5 (SG5): The patients in this subgroup are female with MSS as their MSI 

test result, and they have lymphatic invasion. This subgroup contains about 12% of 

the sample. The uniquely differentially expressed genes are CPT2, FNIP2, PANK3, 

SIPA1L2, PPARGC1B, GCET2, RAB27B, ALDH1A1, EPHA4, SLITRK6, 
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UGT2B7, GAS2L2, KLK3, DEFA5, C1orf112, RPL23AP7, MFRP, NOS3, ARSE, 

TBX6, TNFRSF4, FCRLB, SUSD3, MYL4, AQP7P1, SNHG9, MMP17, MPO, 

C10orf82, ART5, NKAIN4, PCDHA4, UPB1, PRINS, PLSCR2, MLANA, 

PKHD1, C14orf53, ZPBP2, HBG1, PCDHA12, KIAA0087, LOC100133469, and 

PCDHA11. The top three predicted candidate drugs for this subgroup are 

Crizotinib, Cerulenin, and Dabrafenib. 

6- Subgroup6 (SG6): The patients in this subgroup have MSS as their MSI test result, 

and they have a history of colon polyps. This subgroup contains about 20% of the 

sample. The uniquely differentially expressed genes are CACNG8, OR10H1, 

LOC440173, DUXA, KRTAP10-6, KCNA10, FGF21, SSX7, CACNG1, 

KRTAP5-7, HIST1H2BF, GPR144, GOLGA9P, INGX, DSPP, P2RX3, EPX, 

RNF222, KRTAP10-12, LOC100128675, LCNL1, FAM75A3, KRTAP10-2, 

NPBWR1, GPR152, FAM75A6, C14orf166B, TAS1R2, SLC22A8, RGS7, PTX4, 

FLJ42393, and RBMXL3. The top three predicted candidate drugs for this 

subgroup are Niclosamide, Perhexiline, and Digoxin. 

7- Subgroup7 (SG7): The patients in this subgroup have MSS as their MSI test result, 

have a history of colon polyps, and they do not have venous invasion. This 

subgroup contains about 9% of the sample. The uniquely differentially expressed 

genes are NDRG1, NLGN3, TGFBR3, GABRB3, RPS5, ROMO1, SNAR-C3, and 

C9. The top three predicted candidate drugs for this subgroup are Menadione, 

Varenicline, and Crizotinib. 
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In this analysis, the focus was on the top 3 drugs for each of the seven subgroups. The total 

number of drugs was 16. Twelve of these 16 drugs are cancer-related therapies. Eight of 

these twelve are also associated with CRC treatment. These drugs are Dasatinib, Crizotinib, 

Niclosamide, Dabrafenib, Gefitinib, Afatinib, Doxorubicin, and Menadione. These drugs 

were used or suggested as either mono or combined therapy for CRC patients with different 

genetic features.  

3.2.3  DRUG-DIFFERENTIALLY EXPRESSED GENE SUBGROUP 

NETWORKS  

Different biomedical entities in a subgroup network have different roles in deciding 

the drug and drug ranking within the network. The genes and gene interactions aid in 

Figure 4: MSI test result-related subgroups with the top three recommended drugs for each subgroup. The white 

circles represent the phenotypic properties, and the golden circles represent the recommended drugs for a subgroup 

that have the phenotypic properties that are connected to the given drugs’ circle in addition to the MSI test result. 

The phenotypic variables connected to drugs circled with a red border are the subgroups that are highlighted. MSI-

H = microsatellite instability-high; MSI-L = microsatellite instability-low; MSS = microsatellite stable; MMR = 

mismatch repair; dx = diagnosis 
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determining the extracted drugs, while other biomedical entities factor in weighting the 

genes and ranking the drugs. The analysis for the genes that caused drugs to be suggested 

for a subgroup showed the importance of pathway and gene interactions included in the 

study. DEGs in a subgroup interact with different drug targets and genes that are affected 

by the treatment to create the molecular profile of a drug in the given subgroup. For 

example, Menadione was suggested in subgroup3 and subgroup7 because it affects genes 

that have direct interactions with the DEGs in these subgroups. Menadione is a form of 

vitamin K that plays a critical role in blood clotting and bone health. Based on in vitro cell 

line investigations, Menadione was found to have anti-cancer effects, including in CRC 

[74, 75]. In subgroup3, Menadione downregulates 19 genes and upregulates 17 of the genes 

that interact with six DEGs unique to subgroup3 (Figure 5). In subgroup7, Menadione 

downregulates 36 genes and upregulates 25 genes that have direct interaction with six of 

the DEGs for that subgroup (Figure 5).    

 

For the top three drugs in these seven subgroups, Crizotinib was the one most 

frequently suggested (3/7). Crizotinib was recommended for subgroup2, subgroup5, and 

subgroup7 (Figure 6). As expressed in DrugBank, Crizotinib is “an inhibitor of receptor 

Figure 5: Menadione gene interactions in two different subgroups 
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tyrosine kinase for the treatment of non-small cell lung cancer (NSCLC).” Some studies 

have also investigated its potential in CRC patients. When used for combination therapy in 

MSI-H, BRCA2 deficient patients with c-MET overexpression, Crizotinib was found to 

increase apoptosis and tumor cell death[76]. In subgroup2, where Crizotinib was 

recommended for patients who have MSI-H right-sided CRC, MET gene expression was 

upregulated, and mutated in 28% of patients. For CRC tumors where SOX13 mediates cells 

migration, invasion, and metastasis, it has been found that inhibiting c-MET using 

Crizotinib prevents CRC metastasis by blocking HGF/STAT3/SOX13/c-MET axis [77] 

and SOX13 is mutated in 19% of patients in this subgroup. Crizotinib was found to have a 

role in overcoming the resistance to some drugs like Cetuximab. In some CRC cell lines, 

the resistance was developed to Cetuximab as a result of activating Tyrosine Kinases 

(RTKs) like MET and RON, or the resistance that resulted from adding HGF and NRG. 

Adding Crizotinib to these cell lines blocked resistance to Cetuximab [78]. Also, crizotinib 

has also been shown to overcome resistance to Cetuximab and improve the chemoradiation 

outcome in CRC cell lines that carry mutant KRAS [79]. In subgroup5, where the patients 

are females that are MSS and have lymphatic invasion, MET is mutated in 15% of patients 

and gene expression is upregulated. BRCA2 is also upregulated and mutated in 9% of these 

patients. In subgroup7 where the patients have MSS and a history of colon polyps with no 

lymphatic invasion, MET is upregulated and mutated in 23% of patients with STAT3 

mutated in 9% of patients. All these data support the recommendation of Crizotinib for 

these patients and demonstrate the power of this explainable data mining application. As 

was observed with Menadione and Crizotinib, a drug can be recommended for more than 

one subgroup though DEGs are different, and the genes set by drug interactions are 
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different in different subgroups. This shows that the proposed method for hypothesis 

generation can be used to recommend drugs based on the molecular profile for patients 

within each subgroup by matching the gene signature of the drug and the gene signatures 

of patients in identified subgroups. Also, when comparing drugs within the same subgroup 

of patients taking Menadione and Crizotinib in subgroup7 as an example, a set of genes 

can be the same in both drugs' networks. However, to decide which drugs should be used 

for which patients within that subgroup, the unique gene signature must be found in each 

drug's network. In subgroup7, about 78% of the genes in the Crizotinib network are unique 

to Crizotinib, while in Menadione's network, about 84% of the genes are unique to 

Menadione's network. 

The validation of each drug recommended for each subgroup is explained in Table 

S3 of Supplement 1 in [67], where each row in the table represents the matching between 

the drug profile and the genotypic features of the patients in a given subgroup from the 

literature. 

 

 

Figure 6: Crizotinib gene interactions in three different subgroups 
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3.2.4 ANALYZING THE SUBGROUPS’ TOP-RANKED DRUG CANDIDATES 

 

For each candidate subgroup, the top-ranked drugs based on  𝐷𝑆𝑐𝑜𝑟𝑒 were analyzed 

computationally and biomedically. First, randomized analysis was performed to ensure 

these drugs were not suggested for each subgroup by chance, and that there is a biomedical 

meaning that could be explored (Section 3.2.4.1). Then, these drugs were analyzed in the 

biomedical context using drug class enrichment analysis (Section 3.2.4.2) and pathway 

enrichment analysis (Section 3.2.4.3) to find the biomedical effect of these drugs.  

3.2.4.1 RANDOMIZED ANALYSIS 

For validation, a randomized analysis was conducted within each subgroup. For each 

subgroup’s network, the nodes were preserved and the edges were shuffled to create a 

random network. For each subgroup, ten random networks were created. Then, the drug 

repositioning method was 

performed on each network. The 

results showed that the top drugs 

generated based on the 

randomized networks were 

different from the top 15 drugs 

generated from the original 

subgroup networks. Indeed, there 

were only two candidate drugs 

that were ranked 18th and 34th 

from top drug list in the 

randomized network. The 

Subgroups DR Drugs Randomized Drugs 

MSI-H & no 

lymphatic invasion 

Idarubicin Tetrahydrobiopterin 

Dactinomycin Diethylstilbestrol 

Doxorubicin Fluphenazine 

MSI-H & right-

sided colon 

Cerulenin Streptozocin 

Crizotinib Tetrahydrobiopterin 

Afatinib Metaxalone 

MSI-H & right-

sided colon & no 

lymphatic invasion 

Menadione Testosterone 

Dasatinib Pseudoephedrine 

Vinblastine Paliperidone 

MSS & female 

Varenicline Terazosin 

Digitoxin Isoflurane 

Gefitinib Fospropofol 

MSS & female & 

lymphatic invasion 

Crizotinib Imatinib 

Cerulenin Simvastatin 

Dabrafenib Bortezomib 

MSS & a history of 

colon polyp 

Niclosamide Trilostane 

Perhexiline Doxylamine 

Digoxin Flucloxacillin 

MSS & a history of 

colon polyp & No 

venous invasion 

Menadione Diclofenac 

Varenicline Digoxin 

Crizotinib Progesterone 

Table 2: The results of the randomized analyses listing the 

top three drugs of our DR method and the top three drugs of 

the randomized networks for each of the selected subgroups. 
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remaining drugs were ranked greater than 40. Table 2 shows the top three drugs from both 

methods in detail. The ranking of the drugs in the random networks was based on the 

average rank for each drug in a given subgroup's networks. 

3.2.4.2 DRUGS’ CLASSES ENRICHMENT ANALYSIS 

The class of each drug among the top 10 repositioned candidates was examined to 

evaluate the candidate drugs recommended for the seven subgroups. After obtaining the 

top 10 drugs for each subgroup and removing duplicates, 37 unique drugs were found. 

Then, these drugs were mapped to the knowledgebase to link the pharmacological class for 

each. There were 31 different classes enriched in these drugs. The top five pharamcological 

classes are shown in Figure 7.  

 

The remaining classes were enriched in less than 5% of the drugs. The result shows 

that Topoisomerase Inhibitors, Protein Kinase Inhibitors, Anthracyclines, P-Glycoprotein 

Inhibitors, and Corticosteroid Hormone Receptor Agonists were the pharamcological 

classes that were highly enriched with the top 10 drugs for the seven subgroups of interest. 

Figure 7: Top pharmacological classes that were highly enriched with the drugs repositioning 

candidates for the seven subgroups of interest. 
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Topoisomerase Inhibitors, such as Irinotecan, a drug commonly used in the treatment of 

CRC, are considered some of the most effective apoptosis inducers [80]. This is due to 

their ability to target Topoisomerase enzymes, which have a significant role in DNA 

replication [81]. The sensitivity to these inhibitors was also found to be increased in 

colorectal cancer cell lines defective in DNA MMR, a critical patient group [82].  

The second class is protein kinase inhibitors, which have been developed to block 

pathways related to tumor growth and progression. Studies have shown that these inhibitors 

have potential to be used in the treatment of metastatic colorectal cancer [83]. 

Anthracyclines have been shown to be effective for the treatment of breast cancer with 

TOP2A mutations, and patients with metastatic CRC were found to have a higher rate of 

mutation in this gene than in breast cancer, leading to a phase II trial in CRC [84, 85]. 

Different P-Glycoprotein Inhibitors have been developed or recommended as repurposed 

drugs to treat cancer [86]. This shows that the majority of our drugs belong to cancer-

related classes and have the potential to be repositioned for colorectal cancer.  

3.2.4.3 PATHWAY’S ENRICHMENT ANALYSIS 

 To understand the common underlying mechanism of action for the top drugs from all 

the subgroups of interest, signaling pathways that are highly enriched with these drugs' 

gene targets were analyzed. For the top 10 drugs of each subgroup, a gene set enrichment 

analysis was performed to find the highly enriched pathways for each drug's targets [87, 

88]. For the 37 drugs, the top 10 pathways for each drug were examined. A summary of  

findings is shown in Figure 8, where the x-axis represents the top pathways that are highly 

enriched in the repositioned drug candidates, and the y-axis represents the percentage of 

drugs in which a given pathway was within the top 10 pathways targeted by a drug. The 
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pathway targeted by about 80% of these drugs was the cell cycle pathway; then, the p53 

pathways followed chronic myeloid leukemia. Different drugs were developed and have 

been shown to produce anticancer effects affecting signaling pathways, including the cell 

cycle. 

 Drugs like proteasome inhibitors have shown effectiveness on human CRC cells [89]. 

Another study revealed that affecting cell cycle components inhibits colorectal cancer cell 

proliferation [90]. The second pathway is the p53 pathway. P53 is a key tumor suppressor 

gene that is mutated or lost in different cancer types including CRC. Regulating the p53 

pathway impacts apoptosis [91]. Also, some studies have suggested that restoring the p53 

pathway may enable selective cell death in cancer, including CRC, in which the cancer 

cells can be targeted without affecting the normal cells [92]. The third pathway was chronic 

Figure 8: Top pathways that were targeted by repositioned drug candidates for the seven subgroups  
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myeloid leukemia. A study found that a c-kit tyrosine kinase inhibitor with a significant 

effect on  chronic myeloid leukemia  could be repurposed for colorectal cancer patients 

expressing the c-kit proto-oncogene [93]. In this study, and after testing the inhibitor in 

human colorectal tumor cells in vivo and in vitro, the inhibitor has the potential to prevent 

colon cancer and to treat advanced CRC related to liver metastases. Additionally, the 

mismatch repair pathway, a common dysregulated pathway in CRC, and the colorectal 

cancer pathway were highly targeted pathways by these drugs. These results show that the 

recommended drugs for the subgroups of interest are highly enriched for targeting cancer-

related pathways.  

3.2.5 DISCUSSION 

 In this study, the framework for disease population stratification and drug 

repositioning was implemented on CRC data. Its explainable results can be used to generate 

hypotheses for future clinical trials in which researchers and physicians can tailor 

treatments to subgroups of patients through the automatic determination of inclusion and 

exclusion criteria and the unique molecular profile of each drug within a subgroup. The 

subgroups were selected based on phenotypic features and genotypic patterns. The 

differentiation between a subgroup and its outer population is based on the contrast using 

these patterns and network analysis. Part of the explainability of the findings is that the 

SPCScore and DScore can be traced back to the basic biomedical components supporting the 

selection of the repurposed drugs. As different research has shown the possibility of non-

cancer related drugs, such as those for diabetes, to be repositioned for cancer treatment [94-

98], the results also recommended drugs that are non-cancer related but may potentially be 

used for CRC patients. This is in addition to the majority of identified drugs that were 
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originally designed for cancer-related therapy but mostly not in current use in CRC. For 

the drugs recommended to be repositioned, but presently not directly associated with CRC 

treatment, the abnormal genes of the given subgroups were found to directly or indirectly 

interact with the targets of these drugs, which had the highest aggregated scores in the 

subgroup’s network. Additionally, wet lab-based in vitro experiments demonstrated that 

some of these drugs have a potential role in CRC treatment as a single or combinatorial 

therapy that may overcome resistance to other CRC drugs [74, 79, 99-104]. In this analysis 

of the top drugs for the subgroups of interest, enrichment analysis for these drugs was done 

based on their pharmacological class and pathways that are highly enriched as targets for 

the drugs. Topoisomerase inhibitors were the pharmacological class that had the highest 

number of drugs. Topoisomerase inhibitors affect the cell cycle and result in cell death. In 

addition to drugs that are already approved as CRC treatment in this class, others have 

demonstrated activity in metastatic colorectal cancer therapy [105]. Also, it can be 

employed as a combined therapy to increase programmed cell death in CRC [106]. 

Regarding the analysis for the pathways, the top pathways targeted by most top drugs were 

cancer-related pathways. While published literature was used to validate the findings in 

addition to the randomized analysis that showed the recommended drugs were not selected 

by chance, further wet lab experiments to validate these findings are required prior to 

initiating clinical trials using these repurposed therapies. 

3.3 BREAST CANCER ANALYSIS RESULTS 

Breast cancer (BC) is the leading cause of death among female patients with cancer [107, 

108]. BC is a highly heterogeneous disease. BC has intertumoral heterogeneity, where the 

tumor is heterogeneous among the BC patients, and intratumor heterogeneity, where the 
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tumor is heterogeneous within the tumor of an individual patient [109]. A consequence of 

heterogeneity is that patients with breast cancer can have different reactions to the same 

drug. BC is a clear example of the need to have personalized medicine that is patient-centric 

rather than disease-centric. Implementing precision medicine in a healthcare system 

requires developing patient stratification methods to find homogeneous subgroups of 

patients to tailor drugs to these subgroups. Developing de novo drugs is time-consuming, 

and is expensive process [1, 2]. To overcome the problems associated with developing drugs 

for a subpopulation of a disease, drug repositioning (DR), the redirection of already 

approved drugs to be used for additional diseases by finding new indications, emerges as an 

alternative to support precision medicine implementation [9].  

Different molecular features have been used to stratify patients and reposition drugs. 

These molecular features range from using a single gene to using heterogeneous molecular 

data types; for example, using P53 to stratify patients based on their P53 status and using 

the RACK1 status to determine personalized treatment [110]. Moreover, heterogeneous 

molecular data was used for cancer subtyping and the repositioning of drugs after ranking 

genes based on the Gene Ontology (GO) pathways analysis [111]. The transcriptional 

response to drugs was used to infer signaling interactions and to reposition drugs [112]. 

Drug repositioning was also accomplished by targeting pathways that play a role in cancer 

proliferation and progression [113]. The oncogenic PI3K-dependent inhibitor was 

recommended as a cancer therapy [114]. Drugs were recommended for repositioning based 

on the similarity between a particular cancer type therapy and a given drug using a drug-

pathway network [27]. The association between gene mutation and expression was also used 

to guide the drug discovery process [115]. A network analysis was used widely to reposition 
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drugs for various types of cancer. Studies have introduced many heterogeneous network 

models to reposition drugs, including the drugs-genes-diseases network [116, 117], and 

drug-targets-pathways-genes-diseases, where the association between drugs and diseases 

was found based on multiple targeted genes and pathways between drugs and diseases [118]. 

The drug-disease association was also inferred based on a set of heterogeneous networks 

including drug-gene, disease-gene, protein-protein, and genes co-expression networks to 

find drug-disease associations and to reposition drugs[119]. 

Several methods have been developed to understand the underlying mechanism of BC 

and the recommend drugs. A gene expression analysis was used to identify pathways 

involved in BC invasion and potential drug targets [120]. In the context of DR, drugs have 

been recommended for their antiproliferation effect on BC patients [121]. Additionally, 

drugs that share side effects with BC therapies have been recommended to be repositioned 

for BC [122]. A pathway analysis was used with single-cell data to recommend drugs for 

BC [123]. A network analysis also was used to reposition drugs for breast cancer. A tissue-

specific protein-protein interaction (PPI) network was used to evaluate and reposition drugs 

over the drug-miRNA-diseases network [124]. A network propagation analysis was used to 

reposition drugs based on a drug-pathway network, where pathways for each drug were 

identified by an enrichment analysis of the genes regulated by each drug using the 

Connectivity Map (CMAP) for the drug’s phenotypic profile [125]. Moreover, 

computational methods with diverse molecular data types were developed to identify 

therapeutic targets for BC [126]. These methods considered breast cancer in general without 

considering its subtypes and did not address the heterogeneity of BC. Other methods have 

been developed to stratify BC patients. This stratification was done based on cell receptor 
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statuses; for example, an estrogen receptor positive (ER+) status and an estrogen receptor 

negative (ER-) status [127]. 

Based on the gene expression profile, four molecular subtypes have been identified for 

breast cancer which are luminal A, luminal B, human epidermal growth factor receptor 2 

(HER2)-enriched, and basal-like (triple negative) [128]. Computational methods have been 

developed to find therapeutic biomarkers and to reposition drugs for breast cancer subtypes. 

The correlation between DNA copy number alterations and gene expression was used to 

find biomarkers for each subtype [129]. Electronic health record (EHR) and differentially 

expressed genes (DEGs) data were used to reposition drugs for the four BC molecular 

subtypes by finding drug pairs using drug-protein relations [130]. mRNA was used to 

reposition drugs for these subtypes using gene co-expression [131]. Moreover, drugs were 

predicted based on the suggested miRNA biomarkers for each subtype [132]. Drugs were 

recommended based on the number of hub genes each drug targeted within the miRNA-

protein-drug network [133]. An integrated network of relations between lncRNA, miRNA, 

and mRNA was used to recommend drugs that reversed the lncRNA expression of each BC 

molecular subtype [134]. A pathway analysis was also used to reposition drugs for BC 

subtypes [135]. Biomarker predictions using cell line data were used to stratify BC patients 

and suggested drugs for each subgroup [136]. These methods have demonstrated the 

importance of stratifying BC patients into homogeneous subgroups and repositioning drugs 

into these subgroups. Still, they have considered only the genotypic characteristics of BC 

patients without considering the significance of phenotypic features. Other methods have 

taken phenotypic data into consideration, but the majority of these methods include the 

phenotypic features as the post-analysis of the stratification process, where clustering 
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methods have been used to cluster the genotypic profiles of patients and then map the 

phenotypic traits to each cluster in order to assign patients to each subgroup [25]. 

This study implements our data-driven approach to stratify BC patients based on 

genotypic and phenotypic data. The genotypic data is mapped onto a heterogeneous drug 

knowledge base to find druggable homogeneous BC subgroups and to reposition drugs for 

each subgroup [67]. This study focuses on triple negative breast cancer (TNBC), as defined 

by the lack of Estrogen Receptors (ERs) and progesterone receptors (PRs) and by a HER2-

negative status, due to its increasingly recognized heterogeneity not only on the molecular 

level, but also on the pathologic and clinical levels [137]. The lack of targets like ER, PR, 

and HER2 in TNBC implies that chemotherapy remains the only treatment of choice for 

patients with TNBC, which unfortunately fails to achieve prolonged remission in most 

cases. Indeed, on recurrence, patients with TNBC have worse survival outcomes than 

patients with ER-positive and/or HER2-positive BC subtypes [138, 139]. Other studies have 

demonstrated the importance of finding homogeneous subpopulations within the TNBC 

population, but these studies mainly focused on a set of genes or single nucleotide 

polymorphisms (SNPs) to identify drug targets for TNBC [140, 141]. Other methods had a 

broader range of data, such as gene expression data, to identify key genes that could become 

drug targets [142]. As these methods represent a step toward understanding TNBC 

progression and improving patient survival, targeting a heterogeneous disease requires 

considering a wide variety of genotypic and phenotypic factors. Therefore, the developed 

data-driven approach was implemented in order to dissect TNBC heterogeneity as much as 

possible and to discover druggable molecular targets that may enhance the chemotherapy 
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benefit by blocking chemoresistance pathways and, thus, cancer recurrence in TNBC 

patients. This section has been published in the Cancers journal [66]  

3.3.1 DATA DESCRIPTION AND PROCESSING 

Data from 980 breast cancer patients was obtained from The Cancer Genome Atlas 

(TCGA). The dataset consisted of phenotypic data and genotypic data. For the phenotypic 

variables, we used 19 clinical variables (Figure 9- Module 1 and Table 3). The continuous 

phenotypic variables were converted into categorical variables. The categorization of the 

clinical variables was done based on medical guidelines [143]. The genotypic variables were 

the RNA-seq data of these patients.  

A differential analysis was done between 94 normal and 980 tumor samples. The normal 

and tumor data were downloaded from TCGA. Based on the differential analysis done using 

EdgeR, 1531 most differentially expressed genes with a p-value less than 0.05, a log2FC > 

+2 for upregulated genes, and a log2FC < -2 for the down-regulated genes were selected. 

Then, the genotypic data were normalized using log2 and categorized based on the z-score 

value for each gene in each patient. These genes were categorized into upregulated (z-score 

> 1), downregulated (z-score < 1), and normal (z-score between 1 and -1) genes. The drug 

repositioning knowledge base (DR-KB) was represented as a neo4j graph with a gene-

centric schema, including relations between genes, pathways, molecular function, cellular 

components, biological processes, disease, and drugs (Figure 9- Module 2). [24].  

The method consisted of two parts. The first part was the identification of the 

homogeneous sub-groups within a heterogeneous disease population. To find the 

homogeneity between patients in a subgroup, genotypic pattern mining was performed for 

patients sharing phenotypic features. The relations between gene patterns and biomedical 
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entities were extracted from the DR-KB after mapping the gene patterns to the DR-KB 

graph. The second part of the method was to find suitable drugs for each subgroup by 

developing and applying a drug repositioning algorithm. This algorithm used graph analysis 

to analyze each subgroup's network. The drugs in each network were then ranked according 

to various factors (as discussed in Section 2.4.2) to consider a wide range of drug properties 

and impacts and to find a suitable regimen for each subgroup based on their genotypic 

features.  
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Figure 9: Flowchart of the data-driven drug repositioning process using phenotypic and 

genotypic breast cancer data of TCGA, patient stratification methods, and a knowledge base for 

recommendation of drug repositioning. 
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 Variable Categories Count 

1 Age <50 265 

 
 

>=60 459 

 
 

50s 256 

2 ER Level Cell Percentage Category 0-49% 104 

 
 

50-99% 302 

 
 

None 574 

3 Histological Type IDC 702 

 
 

ILC 182 

 
 

infiltrating carcinoma nos 1 

 
 

MED 6 

 
 

metaplastic carcinoma 10 

 
 

MIXED 25 

 
 

MUC 15 

 
 

OTHER 39 

4 History of Neoadjuvant Treatment NA 1 

 
 

no 972 

 
 

yes 7 

5 Lymph Node Examined Count <=3 252 

 
 

>=10 429 

 
 

4-9 195 

 
 

None 104 

6 Margin Status close 28 

 
 

NA 64 

 
 

negative 888 

7 Menopause Status indeterminate 26 

 
 

NA 72 

 
 

peri 36 

 
 

post 642 

 
 

pre 204 
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8 Neoplasm Subdivision left 508 

 
 

right 472 

9 Number of Lymph Nodes Positive <=3 691 

 
 

>=10 54 

 
 

4--9 91 

 
 

none 144 

10 Patient Ethnicity hispanic or latino 34 

 
 

NA 155 

 
 

not hispanic or latino 791 

11 Patient Race american indian or alaska 

native 

1 

 
 

asian 59 

 
 

black or african american 156 

 
 

NA 81 

 
 

white 683 

12 Percent Lymphocyte Infiltration >40% 16 

 
 

0-9% 297 

 
 

10-39% 71 

 
 

none 596 

13 PR Level Cell Percent Category 0-49% 193 

 
 

50-99% 182 

 
 

None 605 

14 Stage advanced 152 

 
 

nx 6 

 
 

primary 822 

15 Stage m m0 828 

 
 

mx 152 

16 Stage n n0 483 

 
 

n1 323 

 
 

n2 100 
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n3 62 

 
 

nx 12 

17 Stage t t1 259 

 
 

t2 572 

 
 

t3 118 

 
 

t4 28 

 
 

tx 3 

18 Subtype HER2+ 32 

 
 

Luminal_A 392 

 
 

Luminal_B 113 

 
 

NA 47 

 
 

Others 287 

 
 

TN 109 

19 Tumor Necrosis Percent 0 556 

 
 

1-10 215 

 
 

11-20 103 

 
 

21-30 104 

 
 

None 2 

Table 3: TNBC phenotypic variable categories 

3.3.2 SUBGROUPS AND DRUGS ANALYSIS 

Patients with triple-negative breast cancer (TNBC), who have negative 

immunohistochemical staining for estrogen receptors (ER), progesterone receptors (PR), 

and human epidermal growth factor receptor 2 (HER2) [144], have the lowest survival rate 

and highest mortality within BC patients [145, 146]. Patients with TNBC have a 

heterogeneous response to therapy, in which approximately 80% of patients do not 

completely respond to chemotherapy [147]. The importance of finding better treatments for 

TNBC has been demonstrated in many studies. Multi-omics data and a network analysis 
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was used to repurpose drugs for TNBC [27]. The network analysis was used to find modules 

active in TNBC, but not in normal BC or other BC subtypes. Transcriptional and 

interactome data were used to create a PPI network to identify highly connected modules 

and hub genes as candidate drug targets for repurposed therapies [27]. Multi-target drugs 

were also considered for repositioning to TNBC after creating a drug-target network with 

the integration of pathways information and the identification of protein-protein interactions 

[148].  

This study offers new guidance in considering heterogeneity within subgroups and the 

importance of finding subpopulations within TNBC. Moreover, in addition to using the 

direct relationship between drugs and genes in TNBC, the proposed method leverages other 

factors, like the perturbation that the drug can cause in the cell. Different criteria were used 

to filter and select subgroups. The support of the subgroup patterns was greater than 70%, 

the growth was greater than 1.5, and the confidence was 1. The resulting subgroups were 

ranked based on their SPCscore. The subgroups with an SPCscore > 0 were retained for 

further filtering and analysis because an SPCscore = 0 means there is no significant contrast 

between a given subgroup and the outer population. After filtering the subgroups based on 

their contrast score and the biomedical importance to our research question, the resulting 

subgroups were five TNBC subgroups with the patients’ neoplasm subdivision, race, and 

age as clinical variables.  

In this work, after analyzing the top drugs (Table 4) for these subgroups, ferroptosis was 

found as a common cell death mechanism. Ferroptosis is regulated cell death (RCD). It is 

driven by lipid peroxidation and has an iron dependency [149]. In the subgroups below, 

more than one drug within the top five drugs play a role in inducing ferroptosis. This result 
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suggests that focusing on ferroptosis in treating TNBC may be a novel therapeutic route, 

and may be advantageous for these patients. We found the ferroptosis-inducing drugs were 

suggested for the subgroups with race and neoplasm subdivision as phenotypic variables. 

Still, there were no ferroptosis-inducing drugs suggested for the younger subgroups with 

an age below 50. This finding coincides with the previous finding of ferroptosis being 

negatively correlated with age [150]. The suggested subgroups are: 

a. Subgroup1 is for patients who are Black or African American with no history of a 

neoadjuvant treatment. This subgroup has 30 patients, and it has 286 unique DEGs to 

this group. The drugs that can induce ferroptosis that were suggested for this subgroup 

are Afatinib, Gefitinib, Bosutinib, Lapatinib, and Fulvestrant.  

i. Afatinib was found to be a ferroptosis inducer in TNBC by targeting EGFR [151]. 

Afatinib's mechanism of action includes binding to wild-type epidermal growth 

factor receptors (EGFR) and irreversibly inhibiting the kinase activity of all ErbB 

family members, which are well-recognized as an oncogenic driver in epithelial 

cancers. Thus, Afatinib can inhibit the proliferation of cancer cell lines [152]. 

Analyzing the patient profiles in this subgroup showed that EGFR was abnormally 

expressed in this subgroup. ErbB4 had an abnormal expression as well. 

ii. Gefitinib is an epidermal growth factor receptor (EGFR) and a tyrosine kinase 

inhibitor. It has antiproliferative and anti-tumoral activity in BC [153, 154]. Gefitinib 

targets EGFR and is used to induce ferroptosis [151]. The proliferation of TNBC 

cells can be inhibited by targeting EGFR kinase activity using gefitinib [155]. 

Moreover, it can be used as a combined therapy with multiple EGFR-TKIs, such as 

lapatinib and erlotinib, to overcome the resistance to EGFR-targeted therapy in 
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TNBC. The inhibition of EGFR, in combination with the dual inhibition of 

cdc7/CDK9, results in reduced cell proliferation, accompanied by the induction of 

apoptosis, the G2-M cell cycle arrest, the inhibition of DNA replication, and the 

abrogation of CDK9-mediated transcriptional elongation in TNBC cells [155]. Using 

gefitinib for this subgroup will inhibit EGFR and cdc7 that was upregulated in this 

subgroup. Inhibiting them is necessary to reduce cell proliferation. CDK1 and CDK5, 

which are cyclin-dependent kinases (CDKs), were found to be upregulated in this 

subgroup. These protein kinases control cancer progression and inhibiting them 

prevents cancer proliferation [156]. 

iii. Bosutinib promotes autophagy and research has shown that there is crosstalk between 

autophagy and ferroptosis [157]. BCR-Abl is the target for bosutinib, dasatinib, 

imatinib, nilotinib, ponatinib, and regorafenib. Bosutinib is a dual Src/Abl inhibitor 

[158]. In this subgroup, Src was upregulated; therefore, this drug will inhibit Src and 

reduce cell proliferation. Src belongs to a different set of mechanisms associated with 

cancer progression, such as inducing a metastatic phenotype, enhancing tumor 

growth, and enhancing angiogenesis [159].  

iv. Lapatinib is a tyrosine kinase inhibitor. This drug was used as a combined therapy 

with siramesine, which is a lysosome disrupting agent, to induce ferroptosis and 

reactive oxygen species (ROS) in TNBC [160]. Lapatinib is an inhibitor of ErbB1 

and ErbB2, and induces ferroptosis in BC cell lines by altering iron regulation. It is 

used as a combined therapy to induce ferroptosis in TNBC by inhibiting the iron 

transport system, leading to an increase in ROS and cell death [161]. Ferroportin-1 

(FPN) is an iron transport protein responsible for the removal of iron from cells. Its 
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expression decreased after treatment with siramesine in combination with lapatinib. 

The overexpression of FPN decreases ROS and cell death, whereas the knockdown 

of FPN increases cell death after siramesine and lapatinib treatment. This indicates a 

novel induction of ferroptosis through altered iron regulation by treating breast 

cancer cells with a lysosome disruptor and a tyrosine kinase inhibitor [69]. Lapatinib 

is a tyrosine kinase inhibitor of the epidermal growth factor receptor (EGFR) and 

ErbB2 (HER2) tyrosine kinases. Studies in vitro showed that lapatinib inhibited the 

proliferation of cancer cells where the ErbB2 and EGFR are overexpressed [162, 

163]. Siramesine and lapatinib gave the best combination index, and this combination 

induced ferroptosis through iron-mediated ROS and the downregulation of heme 

oxygenase 1 (HO-1) levels [164]. In TNBC, siramesine and lapatinib increases 

Transferrin Receptor (TFRC) expression and decreases ferroportin1 (FPN1) 

expression, thus elevating the level of intracellular iron [165].  

b. Subgroup2: The patients in this subgroup are not Hispanic or Latino and White; they 

have less than three positive lymph nodes, and their histological type is an intraductal 

carcinoma. This subgroup has 37 patients and 87 unique DEGs that are abnormal in this 

subgroup, but not in the other subgroups. The drugs that can induce ferroptosis that are 

suggested for this subgroup are fluvastatin, lovastatin, and gefitinib.  

i. Fluvastatin targets HMG-CoA and can induce ferroptosis by decreasing the 

expression of glutathione peroxidase 4 (GPX4). This effect is time- and 

concentration-dependent [166, 167]. Treatment with this statin induces ferroptosis 

by inhibiting GPX4 and the key products in the mevalonate pathway, like 3-hydroxy-

3-methyl-glutaryl-coenzyme A reductase, and the depletion of CoQ10, that reduces 
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the levels of this key membrane antioxidant [166, 168, 169]. Fluvastatin can be used 

as a combined therapy with RSL3, which is a direct inhibitor of GPX4 [166].  

ii. Lovastatin: Lovastatin is another statin drug that can inhibit GPX4 and induce 

ferroptosis [170]. Similar to fluvastatin, the lovastatin target point is lipid synthesis, 

and it represents a HMGCR/HMG-CoA reductase inhibitor [171, 172].  

iii. Gefitinib: As mentioned previously, gefitinib can be used to induce ferroptosis in 

TNBC [60].  

After analyzing the genes that are affected by these drugs in this subgroup, we found 

that fluvastatin, lovastatin, and gefitinib downregulate CCT5, which was upregulated in 

this subgroup. CCT5 interacts with HMGCR, NFE2L2, and TP53. In the TP53 pathway, 

the upregulation of GLS2, which is a transcription target of TP53, leads to P53-

dependent ferroptosis, and the inhibition of SC7A11 by TP53 can also trigger 

ferroptosis. TP53 (tumor protein 53) represses SLC7A11 to promote ferroptosis as a 

tumor suppression mechanism [173] (SLC7A11 was upregulated in this subgroup). 

Fluvastatin and lovastatin bind to HMGCR and upregulate CDKN1A, which is a 

ferroptosis regulation gene [150].  

c. Subgroup3: The patients in this subgroup are not Hispanic or Latino. They have right 

sided TNBC as their neoplasm subdivision, they have less than three lymph nodes that 

are positive, and their histological type is an intraductal carcinoma. This subgroup 

contains 30 patients and has 118 unique DEGs that are abnormal in this subgroup, but 

not in other subgroups. The drugs that can induce ferroptosis that are suggested for this 

subgroup are sunitinib and pazopanib.  
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i. Sunitinib: Sunitinib can induce ferroptosis by targeting the von Hippel-Lindau 

(VHL), which increases sensitivity to ferroptosis. Sunitinib interacted with 48 DEGs 

in this subgroup, including CDO1 [174]. The inhibition of CDO1 increases ROS and 

can induce ferroptosis [175].  

ii. Pazopanib: Pazopanib belongs to the same category as Sunitinib. Moreover, treating 

breast cancer cells with Pazopanib was found to induce autophagic cell death [176]. 

It is a necroptosis inhibitor [177]. The mTOR pathway is a regulator of iron 

metabolism. The VHL/HIF-α axis is the main regulator target of iron metabolism. 

HIF-3α was downregulated in this subgroup. Targeting the VHL gene pathway using 

drugs like sunitinib, sorafenib, pazopanib, and axitinib causes the VHL to be inactive. 

The inactivation of the VHL increases sensitivity to ferroptosis. IRP1 can bind to the 

iron reaction element of HIF-2α mRNA and inhibit its translation. Tempol, an IRP1-

activated drug, inhibits HIF-2α and HIF-1α protein levels. PT2399 and PT2385 are 

inhibitors of HIF-2α [178]. Pazopanib is a tyrosine kinase inhibitor (TKI) that 

belongs to a class of drugs that targets PDGFR α/β and VEGFR activity [158]. 

PDGFR was found to be downregulated in this subgroup.  

After analyzing the genes in this subgroup, we found that sunitinib and pazopanib 

bind to FGFR2, which, in turn, interacts with HSPB1 and STAT3. FGFR2 was 

upregulated in this subgroup. Both genes play a role in ferroptosis induction, as 

explained previously. Moreover, sunitinib binds to PHKG2, which is important for the 

induction of ferroptosis [179-181]. 

d. Subgroup4: The patients in this subgroup are not Hispanic or Latino; they have left side 

TNBC as their Neoplasm Subdivision. They have less than three lymph nodes that are 
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positive, and their histological type is an intraductal carcinoma. This subgroup has 32 

patients and has 103 unique DEGs that are abnormal in this subgroup, but not in the 

other subgroups. The drugs that have the potential to induce ferroptosis in this subgroup 

are dexamethasone and vorinostat.  

i. Dexamethasone: High-dose dexamethasone disrupts the metabolism of glutamate 

and cysteine, produces more ROS, and downregulates GPX4 and system XC−, which 

are two key mediators of ferroptosis [182]. In this subgroup, ROS1 was upregulated, 

GPX2-3 were downregulated, GPX5 was upregulated, and GPX4 was in the normal 

range.  

ii. Vorinostat: Vorinostat is a histone deacetylase (HDAC) inhibitor. In colon cancer 

cells, vorinostat can significantly inhibit cell growth and can induce cell cycle arrest 

and apoptosis [183]. It may induce ferroptosis by glutamine deprivation resulting in 

the accumulation of ROS [184]. In NSCLC, vorinostat combined with erastin, can 

increase the lipid peroxide levels and can inhibit HDAC to induce ferroptosis [185]. 

Moreover, when vorinostat is used as a combined therapy with gefitinib or erlotinib, 

which are EGFR-TKIs, it can promote oxidative stress-dependent apoptosis by the 

suppression of the c-MYC-regulated NRF2 functions and increase the levels of 

KEAP1 in NSCLC cells [186].  

The analysis of this subgroup’s genes and drugs showed that dexamethasone bound 

to PTGS2, downregulated NFE2L2, and upregulated HSPB1, STAT3, and CDKN1A. 

These kinds of regulations promote ferroptosis. Dexamethasone downregulates GDF15 

and NFKB2, and it upregulates MEGF9. In this subgroup, GDF15 was upregulated, 

NFKB2 was upregulated, and MEGF9 was downregulated. GDF15 interacts with 
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ferroptosis-related genes like ATG7, EGFR, FTH1, HSPB1, PHKG2, PTGS2, 

AKR1C2, CDKN1A, DPP4, NFE2L2, and TP53. In this subgroup, AKR1C2 and DPP4 

were downregulated. NFKB2, which was upregulated in this subgroup, interacted with 

EGFR, CDKN1A, and HSPA5. MEGF9, which was downregulated in this subgroup, 

interacted with GCLM, HMOX1, PTGS2, AKR1C2, which were downregulated in this 

subgroup; FDFT1 and NFE2L, which were upregulated in this subgroup; and GCLM. 

The downregulation of FTH1 can induce ferroptosis. IRP1 and IRP2, which were 

downregulated in this subgroup, are iron regulatory proteins that can regulate iron 

metabolism genes such as TFRC and FTH1 to maintain the stability of LIP [173]. In 

this subgroup, TFRC was upregulated while LIPC and LIPE were downregulated. 

AKR1C2, which was downregulated in this subgroup, is one of the ferroptosis 

regulators. AKR1C1-3 (aldo-keto reductase family 1 member C1), which was 

downregulated in this subgroup, is involved in eliminating end products of lipid 

peroxidation [150]. Vorinostat upregulates HMGCR, HMOX1, PHKG2, CDKN1A, and 

FDFT1.  

e. Subgroup5: The patients in this subgroup are less than 50 years old; their pathological 

stage is m0 with no history of neoadjuvant treatment. This subgroup has 37 patients and 

has 216 unique DEGs that are abnormal in this subgroup, but not in other subgroups. 

Contrary to what was observed in the other four subgroups, most of the top drugs that 

are suggested to this subgroup have an antioxidative effect on cancer cells. These drugs 

are rifampicin, galantamine, cerulenin, and lipoic acid. 

i. Rifampicin: Rifampicin was repurposed as an antiferroptosis agent, and it functions 

as a lipid peroxyl radical scavenger [187, 188].  
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ii. Galantamine: Galantamine has an antioxidant effect and acethylcholinesterase and 

γ- secretase inhibitory activity [189].  

iii. Cerulenin: Cerulenin is an antifungal antibiotic that inhibits fatty acid and steroid 

biosynthesis. Fatty acid synthase (FAS) was observed to have a high expression in 

breast cancer cells in comparison with normal cells, and there is increasing evidence 

that FAS plays a role in breast cancer development [190]. Moreover, fatty acid 

synthase (FAS) and ErbB2 have been shown to promote breast cancer cell migration 

[191]. The effect of cerulenin on breast cancer was tested in vivo analysis. Due to 

cerulenin’s ability to inhibit fatty acid synthase (FAS) that, in turn, decreases the 

expression of ErbB1, 2, and 4, it may initiate an epithelial-to-mesenchymal transition 

(EMT) as well as the migration and invasive ability of cancer cells [192].  

iv.Lipoic acid (LA): Lipoic acid is an antioxidant. It has an anti-proliferative effect in 

breast cancer cells by reducing breast cancer cell viability, cell cycle progression, 

and the EMT. It downregulates furin, which, in turn, inhibits the maturation of IGF-

1R [193, 194]. Combining lipoic acid with radiation therapy was found to overcome 

the resistance to radiation therapy and promote apoptosis [195].   

ID Subgroup1 Subgroup2 Subgroup3 Subgroup4 Subgroup5 

1 Digitoxin Homoharringtonine Sunitinib Idarubicin Rifampicin 

2 Ouabain Chenodeoxycholic acid Pazopanib Topotecan Varenicline 

3 Digoxin Fluvastatin Mycophenolic acid Mitomycin Tubocurarine 

4 Daunorubicin Lovastatin Lurasidone Vinblastine Cerulenin 

5 Afatinib Gefitinib Mianserin Gemcitabine Galantamine 

6 Bosutinib Bosutinib Mirtazapine Tolazamide Sorafenib 

7 Lapatinib Erlotinib Risperidone Levetiracetam Topotecan 

8 Gefitinib Cyclosporine Asenapine Epirubicin Vemurafenib 

9 Tretinoin Sunitinib Cabergoline Irinotecan Methylphenobarbital 

10 Mebendazole Mycophenolic acid Iloperidone Nilotinib Primidone 

Table 4: Top ten drugs for each of the five TNBC subgroup interest 
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3.3.3 PATHWAY ENRICHMENT ANALYSIS 

In order to determine common mechanisms underlying the effects of the most 

effective drugs for each of the five subgroups, a pathway enrichment analysis was 

performed (Figure 10). After removing the duplication of drugs between subgroups, 46 

unique drugs in total were identified for the five subgroups. An enrichment analysis for 

pathways targeted by these drugs was performed. The statistical significance of these 

pathways was calculated using Enrichr [87, 196, 197] with p < 0.05. The metabolism 

pathway was targeted by 100% of the drugs. Metabolic reprogramming is considered to be 

a hallmark of cancer that can be used for diagnosis, prognosis, and treatment [198]. Cancer 

cells show different metabolism patterns as compared with normal cells, and targeting that 

difference is a promising strategy for developing anticancer therapy [199]. Studies have 

shown that targeting metabolic enzymes can reverse drug resistance in cancer [200, 201]. 

Targeting metabolism pathways could be an important component in developing a 

comprehensive treatment for breast cancer, considering the complexity of these pathways 

due to their crosstalk with other signaling pathways [202]. The upregulation of some 

metabolic pathways was found to stimulate metastasis in breast cancer [203]. The 

importance of targeting metabolism pathways also has been shown clearly in TNBC, where 

there is a metabolic heterogeneity between patients of this cancer subtype. The metabolism 

pathways were used to stratify TNBC patients into subgroups based on the heterogeneity 

of the metabolism [204, 205]. Our findings coincide with what has been suggested in the 

literature and points to the importance of developing drugs that target metabolism pathways 

to tailor therapies for TNBC patients. The metabolic heterogeneity of TNBC was targeted 

by the top drugs, those directed at specific gene patterns contained within these subgroups. 



71 
 

These patterns belong to the metabolism, but they were unique to a given subgroup and 

had high contrast with the outer population. 

The second pathway, targeted by 93% of the top drugs, was the biological oxidation 

pathway. Increased oxidative stress plays a role in carcinogenesis in breast cancer patients 

[206]. In a study of the immune microenvironment of breast cancer, oxidative stress in 

combination with other biological phenotypes was associated with high immune 

infiltration [207]. Thus, targeting oxidation pathways may be promising for developing 

immune therapies for breast cancer. Studies have shown that the spread of BC metastatic 

cells and their survival in circulation depends on different factors, including antioxidant 

protection [208]. The oxidative stress response is used by breast cancer cells to adapt to 

their nutrient-poor environment [209]. Oxidative activity is one factor involved in the 

induction of breast carcinogenesis [210].  
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The metabolism and oxidation-related pathways can be observed more frequently than 

others when considering the pathways targeted by the top drugs. In analyzing the drugs, 

the focus was on those shared a common mechanism within the top five drugs. Still, the 

pathway enrichment analysis showed that the top ten drugs of all subgroups targeting 

metabolism and oxidation-related processes inhibit cancer growth and development. 

Moreover, an enrichment analysis for GO domains, cellular components, biological 

processes, and molecular functions was done as a part of this study. The top molecular 

functions that were highly enriched for the top ten drugs were oxidoreductase activity, 

protein homodimerization activity, and lipid binding. (Figure 11). The top biological 

process enriched for the top drugs were the response to the drug, the oxidation-reduction 

process, and the response to the organonitrogen compound (Figure 12). The top cellular 

components were the endoplasmic reticulum membrane, nuclear outer membrane-

endoplasmic reticulum membrane network, and plasma membrane region (Figure 13).  

Figure 10: Pathways enrichment analysis for the genes targeted by top ten drugs for all the five 

subgroups of interest. The x-axis shows pathway names, and the y-axis shows the percentage of 

drugs that target each of these pathways. 
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Figure 12: Top biological processes targeted by top ten drugs of the five subgroups of interest. 

Figure 11: Top molecular functions targeted by top ten drugs of the five subgroups of interest. 
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3.3.4 PHARMACOLOGICAL CLASSES ANALYSIS 

A drug class enrichment analysis was done for the top ten drugs of the five 

subgroups of interest to find the pharmacological classes to which most of the drugs belong. 

Using the FDA Established Pharmacologic Class (EPC), classes for 32 drugs were found. 

The top pharmacological class to which most of these drugs belong was the kinase 

inhibitor. Kinase inhibitors have shown great potential as a TNBC regimen due to their 

activity as antitumor and antiangiogenic therapies by targeting genes and pathways that 

play a role in cancer development and proliferation, like targeting EGFR, RON, MET, 

mTOR, BRAF, MEK, Src, and Bcr/Abl [211-216]. Kinase inhibitor drugs have been used 

in different breast cancer research and clinical trials, especially for TNBC, and they are 

Figure 13: Top cellular components targeted by top ten drugs of the five subgroups of interest. 
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considered to be one of the most successful targeted therapies for cancer [217, 218]. They 

have been used as a monotherapy and combined therapy for TNBC, and they are considered 

a promising strategy for treating advanced TNBC [219]. As a monotherapy, a tyrosine 

kinase inhibitor effectively inhibits the proliferation and induced autophagy and apoptosis 

in TNBC cells [220]. A kinase inhibitor was found to have the ability to preferentially 

suppress the growth and proliferation of TNBC cells in comparison with non-TNBC cells 

[221]. It was found to reduce the proliferation of mesenchymal stem-like (MSL) cells and 

induce apoptosis in TNBC cells as a combined therapy [222, 223]. Moreover, a 

combination of kinase inhibitors was suggested for TNBC, where monotherapy has limited 

success [224]. Kinase inhibitors were used in combination with other inhibitors to 

overcome the resistance for monotherapy, like using dasatinib in combination with Akt or 

mTOR inhibitors to overcome dasatinib resistance and reduce the proliferation in TNBC 

cells [225]. Many kinase inhibitors were effective as a TNBC therapy, and many others are 

a subject of ongoing clinical trials [226, 227]. 

3.3.5 DISCUSSION 

Breast cancer is a highly heterogeneous disease. Its heterogeneity requires regimens to be 

tailored for homogeneous subgroups of patients with common phenotypic and genotypic 

features that are unique to each subgroup. The data-driven approach developed in this study 

was implemented to stratify breast cancer into subgroups using their phenotypic and 

genotypic data. The method began with the phenotypic features and partitions the disease 

population based on the categorical values of the phenotypic variables. This partitioning 

created different subgroups. For each subgroup, the algorithm used the genotypic features 
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to evaluate druggability potential, which refers to the necessity of treating a given subgroup 

differently and tailoring drugs to that subgroup.  

Each subgroup's genotypic features are represented as a network and processed 

using a graph database, neo4j. Each network consists of heterogeneous biomedical entities. 

The core of each network is the differentially expressed gene patterns in that subgroup. For 

each gene, the network contains other genes that directly interact with that gene, the 

pathways and GO domains to which that gene belongs, and the drugs that affect the 

expression of the other genes in that network. The opposite expression regulation between 

the drugs and the affected genes was considered by retrieving the drugs from the 

knowledgebase into the subgroup's network using cMAP data. Each network has several 

drugs, and to find the best drugs that can be suggested for a given subgroup, the 

comprehensive drug scoring algorithm was implemented within each network using 

different factors. These factors include the percentage of differentially expressed genes, the 

number of patterns targeted by each drug, and the perturbation impact of a drug on human 

cells.  

Breast cancer has three major subtypes, luminal A, luminal B, and triple-negative 

breast cancer (TNBC). TNBC patients have the lowest survival rate among all breast cancer 

patients. This was the motivation to focus the study on TNBC patients. Five subgroups 

were analyzed, and these subgroups composed of combinations of the three population 

variables, which are age, race, and neoplasm subdivision, as statistically significant 

phenotypic variables. After analyzing the differentially expressed genes for these 

subgroups, it was found that these subgroups had, on average, 162 unique differentially 

expressed genes in addition to phenotypic-level differences. This uniqueness does not only 
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mean the gene is differentially expressed in a given subgroup, but it also could mean the 

gene has a differential expression pattern unique to a given subgroup. It could be only 

upregulated in that subgroup while it is downregulated in the other subgroups, and vice 

versa.  

Analyzing the top five drugs for the subgroups of interest showed a common 

mechanism shared by four subgroups, with race and neoplasm subdivision as the 

significant phenotypic factors. Still, the opposite mechanism was suggested for the 

subgroup with age as a significant phenotypic factor. Inducing ferroptosis was the common 

mechanism in the subgroups that were Black or African American, were White, had right 

side breast cancer, or the subgroups with left side breast cancer. In contrast, the antioxidant 

was the common targeted mechanism in the subgroup with patients aged less than 50 years. 

This finding coincides with what has been found previously [150], where age is negatively 

correlated with ferroptosis. The pathway enrichment analysis also showed that the most 

targeted pathways by the top ten drugs were pathways that have a relation to metabolism 

and oxidation. The kinase inhibitor is considered one of the most targeted therapies to treat 

Figure 14: Survival curves for subgroup5 vs. other subgroups. The curve shows the patients 
younger than 50 who have lower survival rates than the other 4 subgroups of interest. 
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breast cancer, especially TNBC. Since it is a computational-based method, a literature 

review was used to validate the findings. 

 

 The clinical relevance of the data concerning repurposing TKIs as ferroptosis 

inducers is strengthened by recent findings based on the functional analysis of breast cancer 

cell lines that demonstrate that TNBCs are enriched in ferroptosis gene signatures and are 

vulnerable to ferroptosis inducers, compared to other breast cancer subtypes, i.e., ER-

positive and/or HER2-positive subtypes [228]. Furthermore, age is the most pertinent 

clinical characteristic that has been shown to have a negative correlation with ferroptosis 

in certain tumors like BC, i.e., in younger BC patients, ferroptosis is less clinically relevant 

[229] which coincides with our discovery of a completely different class of repurposed 

medications that did not induce ferroptosis in the younger (< 50 years) cohort of BC 

patients. The potential benefit from antioxidants in younger TNBC patients is further 

supported by biological data on the dependence on reactive oxygen species (ROS) for the 

survival and malignant progression of TNBC in younger patients. These high levels of 

ROS production that drive the aggressiveness in TNBC resulting from oncogenic gene 

mutations, e.g., BRCA1 [230], gene expression changes, e.g., BLT2 [231] and the 

attainment of stem-cell like properties [232]. This high ROS content induces multiple 

signaling which, in turn, leads to highly proliferative, migratory, and drug-resistant 

phenotypes in TNBC and is effectively attenuated by antioxidants, thereby reducing the 

growth and metastasis of TNBC cells [233]. The shorter survival observed in the younger 

cohort or subgroup 5 when it was compared against all remaining four subgroups 

“bundled” together (Figure 14) is a testament to the different ROS-dependent biology in 
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subgroup 5, which contributes to the cell survival, metastasis, chemoresistance, and cancer 

relapse. Therefore, the additional use of antioxidants can be an effective strategy for 

treating these younger TNBC breast cancer patients in order to prevent chemoresistance 

through depleting ROS. 

Still, these findings need more testing in a wet lab setting to ensure they are valid 

to be suggested for healthcare improvement. After validation in the wet lab, these results 

can significantly improve TNBC survival and suggests drugs tailored for a specific group 

of patients based on their phenotypic and genotypic features. 

 

3.4 PAN-CANCER ANALYSIS RESULTS 

Cancer is a group of diseases that is the second leading cause of death in the United 

States. Each cancer type has a different mortality rate, and patients of each type have 

heterogeneous responses to treatment. However, all these types of cancer are characterized 

by uncontrolled growth and the spread of abnormal cells. This suggests the existence of 

common mechanisms among these types in addition to the unique mechanisms for each 

type. Studying the inter and intra heterogeneity of cancer is crucial to understanding the 

mechanisms of action, identifying biomarkers, finding drug targets, and developing or 

repurposing therapies. To study the heterogeneity of cancer, pan-cancer analyses need to 

be conducted over a wide range of cancer types. The purpose of these analyses is to find 

homogeneous subgroups of patients across different cancer types. Finding these subgroups 

enables targeting the cancer mechanism over different cancer types and this can reduce the 

cost of treating patients because one drug can be used as a regimen for more than one 

cancer type. Additionally, finding subgroups across cancer types will improve patient 
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survival by finding a better treatment through targeting common mechanisms instead of 

only targeting a mechanism unique to a specific cancer type. Also, to reduce the cost 

associated with treating patients, old drugs can be investigated for new uses by developing 

and implementing drug repositioning methods over pan-cancer data after stratifying 

patients into subgroups.  

Pan-cancer represents a comprehensive heterogeneity analysis required to solve the 

intra-heterogeneity problem which is the major barrier to classifying patients into potential 

benefited groups [234]. This type of analysis has been used for a variety of research 

questions including studying genes’ effect on cancer in general instead of studying their 

effect on each cancer type [235, 236]. For the subgrouping, pan-cancer analysis has been 

done using different methods to stratify cancer patients into subgroups. It was used to 

stratify patients based on the expression status of one gene and its upstream, downstream, 

and correlated genes to study cancer prognosis in each subgroup [237, 238]. This type of 

study does not consider the wide range of the genetic variation because it focuses on a 

narrow set of genes. A wider set of molecular features were considered for stratifying 

patients into groups where patients in each subgroup share the same molecular features. 

These molecular features were represented by RNA signatures, Tumor Mutational Burden 

(TMB), Copy-Number Alteration (CNA), and genes expression using network analysis 

[234, 239-241]. These methods represent an improvement on previous methods that depend 

on a limited set of genes, but they only focus on genotypic features without taking into 

account heterogeneity on the phenotypic level. Other methods addressed the importance 

phenotypic heterogeneity by using the phenotypic features to stratify patients into 

subgroups. For the stratification purposes, the surgery and radiotherapy status, socio-
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economic status, mortality after surgery, race, age, and metastasis site were used [242-244]. 

While these methods do use the phenotypic features, they miss the importance of genotypic 

features to stratify patients into subgroups.  

Pan-cancer analysis has been used to identify novel drug targets that can be 

advantageous for different types of cancer [245]. One gene-based analysis was developed 

to identify drugs that can be repurposed based on their ability to switch the expression of a 

gene [104]. Using “one gene, one drug” is not an effective method to treat a heterogeneous 

disease like cancer. Pan-cancer analysis was used to find novel cancer biomarkers and drug 

targets that can be useful for different cancer types and used for drug repositioning using 

more than one gene including multi-omics data [245-248]. Also, network analysis was used 

to include more factors that can affect cancer prognosis and development like using multi-

omics data with pathway and pharmacogenomic data to reposition adrug [249-251]. These 

methods used a wide range of biomedical data to repurpose drugs, but they analyzed the 

pan-cancer data as whole without addressing the importance of identifying homogeneous 

subgroups within this heterogeneous cancer population.  
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Figure 15: Pan-cancer flowchart. Module 1 is for selecting cancer types for the analysis. Module 2 is for 

obtaining the phenotypic and genotypic data from TCGA for the patients with the selected cancer types. 

Module 3 is for the implementation of the subgrouping and drug repositioning method to stratify patients into 

subgroups, and the subgroups divide into general subgroups and specific cancer subgroups. The general 

subgroups share subgroup phenotypic variables among more than one cancer type, while the cancer-specific 

subgroups have unique phenotypic variables to each cancer type. 

There is an urgent need to develop and implement computational methods that 

stratify patients into subgroups and reposition drugs for each subgroup based on phenotypic 

features and a wide range of genotypic features that capture a broader range of molecular 

assortment. In this part of the study, a pan-cancer analysis was conducted to stratify patients 

into homogeneous subgroups using phenotypic and genotypic data. Then, the drug 

repositioning method was implemented to reposition drugs for each subgroup. The 

explainable AI subgrouping and drug repositioning method was implemented to stratify 

patients into subgroups and recommend drugs to be repurposed for each subgroup of 

patients. The algorithm identified subgroups that are common across cancer types and 

unique to each cancer type and recommended drugs for each subgroup.  
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This section consists of three subsections. In section 3.4.1, the data description and 

processing were presented (Figure 14-Module 1 and 2). Section 3.4.2 is the patient 

stratification results, where the subgroups finding, and selection was described (Figure 14-

Module 3). In section 3.4.3, the drug repositioning results are explained and analyzed 

(Figure 14-Module 3).  

3.4.1  DATA DESCRIPTION AND PROCESSING  

In this analysis, the total number of patients was 3983. Fourteen caner types and 

one subtype in 11 organs were included (Table 5). selection of the cancer types was based 

on the survival percentage that was documented in The Surveillance, Epidemiology, and 

End Results (SEER) data and the number of available cases in TCGA. The survival 

threshold was 75%, where cancer types that have less than 75% survival rate were selected 

for this analysis. Out of these cancer types, the diseases that have data for more than 100 

patients in TCGA were kept. The dataset for these patients consists of genotypic and 

phenotypic variables. It has 24 phenotypic consist of mutation status for 14 genes that were 

identified as cancer drug targets and 10 clinical variables (Table 6). The genotypic data 

consists of 2415 genotypic variables which are the RNA-seq data of the cohort. The 

continuous variables in the phenotypic dataset were categorized based on the medical 

guidelines and the physician recommendations. The genotypic variables were categorized 

based on the z-score of each gene in that dataset. 
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Table 5: Cancer types included in the analysis 

Table 6: The Phenotypic variables for pan-cancer analysis 

 

 

ID Location Pathology Type #Cases #Disease 

1 Brain Glioma (GBM & LGG) 159 2 

2 Breast Triple Negative Breast Cancer (TNBC) 109 1 

3 Colon Colon Cancer (COAD) 214 1 

4 Esophagus Esophagus (ESCA) 184 1 

5 Kidney Pan-kidney cohort (KICH & KIRC & KIRP) 889 3 

6 Liver Liver hepatocellular carcinoma (LIHC) 371 1 

7 Lung Lung adenocarcinoma & Lung squamous (LUAD & LUSC) 1007 2 

8 Ovary Ovarian serous cystadenocarcinoma (OV) 300 1 

9 Pancreas Pancreatic adenocarcinoma (PAAD) 178 1 

10 Rectum Rectum Cancer (READ) 182 1 

11 Stomach Stomach and Esophageal carcinoma (STAD & ESCA) 378 2 
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3.4.2 PATIENT STRATIFICATION RESULTS 

The implementation of the subpopulation discovery process (Section 2.3) resulted in a set 

of subgroups with a contrast score for each (SPCScore). The subgroups with significant 

contrast from the outer population were retained for further analysis and finding 

repositioning drug candidates. The subgroups were initially analyzed based on the 

phenotypic variables’ distribution across cancer types. The subgroups with gender as a 

significant phenotypic variable were widely shown in most cancer types (Figure 15). So, 

these subgroups were considered to be the focus subgroups or subgroups of interest (SOI) 

for this analysis. Three hundred and one subgroups have gender as a phenotypic variable 

divided into 108 female subgroups and 193 male subgroups. 

Figure 16: Subgroup phenotypic variables distribution over cancer types 
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 These subgroups were clustered based on phenotypic variable similarity regardless of 

cancer types to find similar subgroups across cancer types. For example, let’s SG1 be a 

female subgroup with (P1^P2^D1^F) as its phenotypic variables, and SG2 is a male 

subgroup with (P1^P2^D2^M) as its phenotypic variables. These two subgroups were 

clustered together because they have the same phenotypic (clinical) variables (P1 and P2) 

and the only difference besides the gender (F=female in SG1, and M=male in SG1) is the 

cancer type (D1 is the disease’s type of SG1 while D2 is the disease’s type of SG2). This 

clustering is to find the genotypic and phenotypic characteristics that are true across 

varying cancer types. Finding these characteristics will help uncover candidate drugs that 

can work for specific subgroups of patients across cancer types. After implementing this 

clustering, there were 33 female subgroups and 39 subgroups with a male as a significant 

phenotypic feature. These subgroups vary in the number of cancer types. The focus was on 

the subgroups that appeared in more than one cancer type. There were 25 female (Table 7) 

and 25 male (Table 8) subgroups with the same phenotypic variables but appeared in 

different types of cancer. Five subgroups were common between the gender types. These 

subgroups appeared in different types of cancers for both male and female, 13 female 

subgroups and 13 male subgroups (Top 5 subgroups in Table 7 & 8). These subgroups 

were selected to be studied in more detail in the context of genotypic features used to 

recommend drugs and to analyze the biological mechanisms of these subgroups. These 

subgroups were the input to the next step, drug repositioning, to find the candidate drugs 

for each subgroup across cancer types. 
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Table 7: Female subgroups of interest for pan-cancer analysis 

 

 

 

 

 

 

 

Female Subgroups 

ID Subgroup Cancer Cite 

1 Age=greater65 & Gender=female colon, lung, ovary 

2 Gender=female & Race=white brain, lung, ovary 

3 Gender=female & m.Stage=m0 colon, kidney, lung 

4 Gender=female & Mutation=KRAS colon, pancreas 

5 t.Stage=t1 & Gender=female kidney, lung 

6 n.Stage=n0 & m.Stage=m0 & Gender=female & Race=white colon 

7 Age=greater65 & Gender=female & n.Stage=n0 & m.Stage=m0 colon 

8 Gender=female & Mutation=KRAS & Stage=stageii pancreas 

9 Gender=female & Mutation=KRAS & Race=white pancreas 

10 
n.Stage=n0 & m.Stage=m0 & Gender=female & Race=white & 

Ethnicity=not_hispanic_or_latino 
colon 

11 Mutation=KRAS & Gender=female & Race=white & t.Stage=t3 pancreas 

12 Mutation=KRAS & Gender=female & t.Stage=t3 pancreas 

13 Age=btw50and65 & Gender=female ovary 

14 Age=greater65 & Gender=female & n.Stage=n0 colon 

15 Age=greater65 & m.Stage=m0 & Gender=female colon 

16 Gender=female & Mutation=KRAS & m.Stage=m0 colon 

17 Gender=female & Mutation=KRAS & n.Stage=n0 colon 

18 Gender=female & Mutation=KRAS & n.Stage=n1 pancreas 

19 Gender=female & Stage=stageii lung 

20 
Stage=stageii & Gender=female & 

Ethnicity=not_hispanic_or_latino & t.Stage=t3 
colon 

21 Stage=stageii & m.Stage=m0 & Gender=female & t.Stage=t3 colon 

22 m.Stage=m0 & Gender=female & t.Stage=t3 colon 

23 
n.Stage=n1 & Stage=stageii & Mutation=KRAS & 

Gender=female 
pancreas 

24 t.Stage=t1 & Gender=female & Race=white & Stage=stagei kidney 

25 t.Stage=t3 & Gender=female & Mutation=KRAS & Stage=stageii pancreas 
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Table 8: Male subgroups of interest for pan-cancer analysis 

 

 

 

Male Subgroups 

ID Subgroup Cancer Cite 

1 Age=greater65 & Gender=male brain, colon, kidney 

2 Gender=male & Race=white kidney, lung, rectum 

3 Gender=male & m.Stage=m0 colon, liver, lung 

4 Gender=male & Mutation=KRAS colon, pancreas 

5 Gender=male & t.Stage=t1 kidney, liver 

6 n.Stage=n0 & m.Stage=m0 & Gender=male & Race=white colon, liver, rectum 

7 Age=greater65 & Gender=male & n.Stage=n0 & m.Stage=m0 colon, liver 

8 Gender=male & Mutation=KRAS & Stage=stageii colon, pancreas 

9 Mutation=KRAS & Gender=male & Race=white colon, pancreas 

10 
n.Stage=n0 & m.Stage=m0 & Gender=male & Race=white & 

Ethnicity=not_hispanic_or_latino 
colon, rectum 

11 t.Stage=t3 & Gender=male & Mutation=KRAS & Race=white pancreas 

12 Mutation=KRAS & Gender=male & t.Stage=t3 pancreas 

13 Age=btw50and65 & Gender=male brain 

14 Age=greater65 & n.Stage=n0 & Gender=male colon 

15 Age=greater65 & m.Stage=m0 & Gender=male liver 

16 Gender=male & Mutation=KRAS & m.Stage=m0 colon 

17 n.Stage=n0 & Mutation=KRAS & Gender=male colon 

18 n.Stage=n1 & Mutation=KRAS & Gender=male pancreas 

19 Gender=male & Stage=stageii colon 

20 
t.Stage=t3 & Gender=male & 

Ethnicity=not_hispanic_or_latino & Stage=stageii 
colon 

21 Stage=stageii & m.Stage=m0 & Gender=male & t.Stage=t3 colon 

22 t.Stage=t3 & Gender=male & m.Stage=m0 lung 

23 
n.Stage=n1 & Stage=stageii & Mutation=KRAS & 

Gender=male 
pancreas 

24 Stage=stagei & Gender=male & Race=white & t.Stage=t1 liver 

25 
Stage=stageii & Mutation=KRAS & Gender=male & 

t.Stage=t3 
pancreas 
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3.4.3 DRUG REPOSITIONING RESULTS 

For each unique subgroup of the five subgroups for each gender type, the unique gene 

patterns of each cancer type for these subgroups were used to create the biomedical network 

of a given subgroup. For example, the first unique subgroup is females whose age is greater 

than 65 (SG1-F). This subgroup appeared in 3 types of cancer, which are colon, lung, and 

ovary. The DR algorithm used genes unique to each cancer type to create the biomedical 

network for the first subgroup in each cancer type. This process resulted in 3 lists, each of 

which represents the candidate drugs for that subgroup in the corresponding cancer type. 

A drug candidates list was created for each of the 16 subgroups (SOI). After finding the 

drug candidates for each subgroup within each gender type, the top 25 drugs were selected 

for each subgroup.  

To find the drugs for each unique subgroup in each gender type, the common drugs 

among the disease types were found within each gender type. For example, in SG1-F, the 

top 25 drugs were used from each of the resulting three-drug lists. The common drugs 

among these three lists of 25 drugs were retrieved. The purpose is to find the drugs that can 

be used for that subgroup regardless of the cancer type. To ensure the drugs are not 

common only because of the general cancer perturbation, the common drugs were analyzed 

to find those that are unique to each gender in a given subgroup. The unique drugs for each 

subgroup gender were retrieved. There were unique drugs for each subgroup except for 

SG5-F and SG3-M. So, these subgroups were dropped from the analysis. For the remaining 

three subgroups, the unique drugs for each subgroup between genders were analyzed to 

find the unique drugs across all the subgroups (The six subgroups, three female and three 

male subgroups). Finally, one to three drugs were found for the subgroup as unique drugs 
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to that subgroup. Table 9 shows the drugs for each subgroup. These drugs were analyzed 

to find the genotypic features for each subgroup across cancer types where that subgroup 

was significant. 

ID Subgroup   Drug Name #Genes 

SG1-F Age=greater65 & Gender=female 
colon, lung, 

ovary 

Vinblastine 176 

Everolimus 233 

Sunitinib 121 

SG1-M Age=greater65 & Gender=male 
brain, colon, 

kidney 

Bosutinib 176 

Varenicline 233 

SG2-F Gender=female & Race=white 
brain, lung, 

ovary 

Vorinostat 69 

Levonorgestrel 57 

SG2-M Gender=male & Race=white 
kidney, lung, 

rectum 

Etoposide 83 

Mitoxantrone 203 

SG3-F Gender=female & Mutation=KRAS colon, pancreas Gemcitabine 371 

SG3-M Gender=male & Mutation=KRAS colon, pancreas Quinacrine 327 

 

These drugs were analyzed to find the relevance between the drugs and the diseases to 

which these drugs were suggested for each subgroup: 

1- SG1-F drugs are Vinblastine, Everolimus, and Sunitinib. Vinblastine Sulfate is an 

FDA-approved drug for Hodgkin lymphoma, kaposi sarcoma, and non-Hodgkin 

lymphoma. In this analysis, it was recommended to be used in colon, lung, and ovary 

cancer. Studying this drug in the biomedical literature showed that Vinblastine 

Sulfate was used as a combined therapy to treat colon cancer cell lines. In vitro study 

showed a decrease in tumor growth and cancer cell invasion and induction of 

apoptosis [252]. For lung cancer, Vinblastine Sulfate was used as a combined 

therapy to improve chemotherapy's effectiveness and reduce drug resistance [253]. 

Table 9: Unique drugs for each subgroup 
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Also, its anti-tumor effect on ovarian cancer was studied, and it was found that 

Vinblastine could induce a growth inhibition in these cell lines [254].  

Everolimus is an FDA-approved drug for brain tumors, gastroenteropancreatic 

neuroendocrine tumors, non-small cell lung cancer, pancreatic cancer, renal cell 

cancer, and small cell lung cancer. The literature review showed  Everolimus, an 

mTOR inhibitor, was used as a combined therapy to treat CRC patients with a wild-

type RAS and mutated PIK3CA [255]. Also, it was used to break the S6K1-IRS-

2/PI3K negative feedback loop in BRAF V600E CRC patients, which induced 

apoptosis [256].  In lung cancer, Everolimus was found to inhibit the proliferation 

and migration of EGFR-resistant lung cancer cells via the upregulation of PTEN and 

the downregulation of the miR-4328 signaling pathway [257]. For ovarian cancer, 

Everolimus has an anti-tumor effect by acting on mTORC1 in ovarian cancer. An in 

vitro study showed that Everolimus inhibited the proliferation and reduced invasion 

of the ovarian cancer cells by inhibiting the mTOR pathway [258].  

Sunitinib is an FDA-approved drug for gastrointestinal stromal tumors, 

pancreatic cancer, and renal cell cancer. The biomedical literature stated Sunitinib, 

a multiple tyrosine kinases inhibitor, induces apoptosis and inhibits cell growth in 

colon cancer cells [259, 260]. Sunitinib was approved as a treatment for 

gastrointestinal stromal tumors, and it showed efficacy in phase II trials as a 

treatment of advanced NSCLC [261, 262].  

2- SG1-M drugs are Bosutinib and Varenicline. In this analysis, these drugs showed 

indications for their ability to be used for the brain, colon, and kidney. Bosutinib is 

an FDA-approved drug for Leukemia. A literature review was done to find the 
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potential of Bosutinib as brain, colon, and kidney treatments. Using Bosutinib as 

combined therapy with Valproic acid (VPA) showed a substantial apoptosis 

induction in colon cancer cells [263]. A clinical trial showed that bosutinib reduced 

kidney growth in patients with dominant polycystic kidney disease (ADPKD). It has 

been studied in brain related disease and as a multi-kinase target showed advantages 

in alleviating neurodegenerative pathologies [264]. Its effect on kidney and brain 

cancer needs further study. Varenicline is used as an aid in smoking cessation. In 

this study, it showed an indication to be beneficial for patients with brain, colon, and 

kidney.  

3- SG2-F drugs are Vorinostat and Levonorgestrel, which recommended as highly 

contrast subgroups in brain, lung, and ovary cancer. Vorinostat is an FDA-approved 

drug for Non-Hodgkin Lymphoma. it is a drug currently under study for the 

treatment of cutaneous T cell lymphoma (CTCL). A recent study suggested that 

vorinostat also possesses some activity against recurrent glioblastoma multiforme, 

resulting in a median overall survival of 5.7 months (compared to 4 - 4.4 months in 

earlier studies). Further brain tumor trials are planned using combinations of 

vorinostat with other drugs [265, 266]. In literature, Vorinostat was suggested as a 

combined therapy for human brain cancers [267]. So, it is already presenting 

promising results for brain cancer. In this study, it appeared to have the potential to 

be used for lung and ovary cancer. In lung cancer, Vorinostat was studied as a 

treatment for C797S-resistant lung adenocarcinomas when it was used as a 

combined therapy and showed an improvement in EGFR-TKI sensitivity to EGFR 

C797S by inducing EGFR-dependent cell death [268]. In a phase I/Ib clinical trial, 



93 
 

Vorinostat showed anti-cancer activities in lung cancer when it was combined with 

Pembrolizumab [269]. Also, combining Vorinostat with EGFR-TKI can reverse 

EGFR-TKI resistance in NSCLC [270]. Levonorgestrel is a hormonal medication. 

It is not approved yet for any cancer treatment, but its role in cancer treatment has 

been investigated. For ovarian cancer, Levonorgestrel in a phase II clinical trial 

significantly decreased the proliferation in the ovarian epithelium [271].  

4- In SG2-M, Etoposide and Mitoxantrone were the candidate drugs for kidney, lung, 

and rectum cancer. Etoposide is an FDA-approved drug for small cell lung cancer. 

Etoposide has anticancer activities as an inhibitor of Topoisomerase II (Topo II) 

activity in kidney cancer [272]. Etoposide was used as a combined therapy for SCLC 

patients with sensitive and refractory relapse and showed anticancer activity and 

was suggested as a second-line treatment option for SCLC patients [273]. In a 

clinical trial, using Etoposide improved overall survival in patients with extensive-

stage small-cell lung cancer (ES-SCLC) [274, 275]. Etoposide was found to have 

the potential as a treatment for metastatic colorectal cancer when it was used as a 

combined therapy [276]. Mitoxantrone is an FDA-approved drug for Leukemia, and 

prostate cancer. There are studies that examined Mitoxantrone potential in other 

cancer types like lung and colorectal cancer. In NSCLC, Mitoxantrone was found to 

induce cell apoptosis by phosphorylating ROS1 and inhibit its downstream signaling 

pathway [277]. A recent study showed that using Mitoxantrone as a combined 

therapy is a promising treatment for CRC patients due to its inhibitory effects on 

CRC and autophagic cell death [278]. 
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5- In SG3-F, Gemcitabine was the candidate drug for colon and pancreas cancer. This 

drug is an FDA-approved drug for non-small cell lung cancer, Ovarian, and 

Pancreatic Cancer. Gemcitabine is used to induce apoptosis in CRC patients [279]. 

In a pancreas clinical trial, Gemcitabine has been considered a first-line 

chemotherapy treatment [280].  Gemcitabine showed effectiveness in mitigation of 

some systems associated with advanced pancreas cancer and a modest enhancement 

in survival [281].  

6- In SG3-M, Quinacrine was the candidate drug for colon and pancreas cancer. 

Quinacrine, FDA-approved the drug as anti-malaria therapy, has shown anti-cancer 

activities. In CRC, the increase of Quinacrine concentration increased the apoptosis 

induction in CRC cell lines [282].   

Analyzing the drug targets in these subgroups across the cancer types for each subgroup 

showed that there are common targets for these drugs in different types of cancer where 

that subgroup was significance. These common drug targets are either the abnormally 

expressed genes in a given subgroup or genes that have direct interaction with the 

abnormally expressed genes. On average, there were 177 genes in SG1-F, 136 genes in 

SG1-M, 42 genes in SG2-F, 95 genes in SG2-M, 371 genes in SG3-F, and 327 genes in 

SG3-M. 
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3.5 DISCUSSION  

Cancer is a group of diseases characterized by the abnormal growth of cells. The 

existence of common characteristics among these different types of cancer indicates the 

importance of pan-cancer analysis to study the inter heterogeneity in cancer. This part of 

the study aims to find homogeneous subpopulations that share genotypic and phenotypic 

characteristics regardless of the cancer type. Finding homogeneous subgroups will help 

identify drugs that can treat patients across cancer types and reduce the healthcare cost 

associated with developing different drugs for different subgroups of patients in each 

cancer type. Still, developing de novo drugs is expensive and time-consuming. In this pan-

cancer analysis, the stratification and drug repositioning algorithm was applied to identify 

homogeneous subgroups of patients across cancer types and identify candidate drugs for 

each subgroup.  

From TCGA, the genotypic and phenotypic data for 3983 patients across 16 cancer types 

in 11 organs were obtained. The patient stratification and drug repositioning framework 

was implemented to find the subgroups. Then, using the genotypic features of these 

homogeneous subgroups, drugs were recommended for each subgroup based on the 

genotypic features and their connection to other biomedical entities like pathways, 

diseases, GO terms, etc. After filtering the resulting subgroup, gender was the phenotypic 

feature selected to explore the subgroups where gender was a significant phenotypic 

variable. To have a comparable result, the subgroups that appeared in both genders 

regardless the cancer type were selected to be analyzed. This resulted in 50 subgroups (25 

for each gender). Because the goal is to find the common mechanism that should be 

targeted across cancer types, the final set of subgroups was the one that appeared in both 
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genders, and was significant in more than one cancer type. This filtering resulted in five 

subgroups for each gender to be analyzed.  

The drugs were recommended for these subgroups based on the unique, abnormal genes 

for each disease type in each subgroup. The common drugs between the disease types of 

each subgroup were analyzed to find the drugs that are suitable for a given subgroup across 

cancer types. The unique drugs for each subgroup gender were retrieved. The analysis of 

the recommended drugs for each subgroup showed that these drugs could be repurposed 

for more than one cancer type. Also, the Drug-Gene interactions for these drugs were 

analyzed to find the shared genotypic mechanism between different types of cancer for 

each subgroup. The average number of abnormally expressed genes that are common drug 

targets across cancer types was 186 genes. Most of the drugs are FDA-approved for 

different types of cancer, and there is ongoing research to study their potential on other 

cancer types, including the types to which they were recommended in this study. Further 

analysis is needed in the context of wet lab experiments and clinical trials to validate these 

results before recommending them for clinical use. 
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4.1 CONCLUSION 

This dissertation aims to stratify a disease population based on the genotypic and 

phenotypic features into homogeneous subpopulations and reposition drugs for each 

subgroup. To achieve that, an explainable artificial intelligence (XAI) framework was 

developed and implemented. The design, implementation, and validation results 

demonstrate the potential of the XAI framework to stratify patients into druggable 

subgroups and to reposition drugs for these subgroups based on their genotypic features 

after considering their relation to other biomedical entities such as protein-protein 

interaction, pathways, biological process, cellular component, molecular function, and 

drugs. Stratifying patients using genotypic and phenotypic features, the explainability of 

the results, and the ability to provide candidate drugs for each subgroup to overcome the 

limitation of developing drugs for a small portion of disease represent a promising 

contribution to improve patient care in our healthcare system by implementing 

personalized medicine.  

In Chapter Two, the development of the patient stratification and the drug repositioning 

framework was introduced. The stratification process consists of a three-layer system 

where data mining was used to find homogeneous phenotypic and genotypic features 

within a heterogeneous disease population. After mapping the genotypic feature into a 

heterogeneous knowledge base to find druggable subgroups, a network processing 

framework was developed to consider the relations between the genes and other biomedical 

entities. Using the homogeneous genotypic features of each subgroup, a drug repositioning 

framework was developed to recommend drugs for each subgroup. The recommended 
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drugs were ranked using an innovative drug scoring function that considers various factors 

to assess drugs potential and relevance to each subgroup.  

In Chapter Three, the implementation of patient stratification and drug repositioning 

was presented. The implementation was performed on different datasets from the TCGA 

database. First, this method was implemented on colorectal cancer data. The subgroups 

with MS status were analyzed, and drug recommendations were validated using biomedical 

literature and computationally using randomized analysis. Then, breast cancer data was 

used to find homogeneous subgroups within TNBC and recommending drugs for each 

subgroup. Based on the targeted mechanism by the candidate drugs for each subgroup, age 

was found to be an important factor in deciding the treatment. Ferroptosis was 

recommended to be the targeted mechanism in the older population, and antioxidant was 

recommended to be targeted in the subgroup younger than 50 years old. The third part of 

this chapter is the pan-cancer analysis. The data for 16 types of cancer in 11 organs were 

used to find homogeneous cancer subgroups out of this cancer population. The subgroups 

were filtered, and the gender subgroups were selected for further analysis. The literature 

review was used to find the potential of these drugs across cancer types. Many of the drugs 

were FDA-approved drugs for cancer, and they were subjects for a wet lab experiment or 

clinical trials due to their potential in treating different types of cancer. Some candidate 

drugs in this analysis were not found as a part of any clinical trial. These drugs may be the 

novel candidates that should be studied further to evaluate their possibility as a treatment 

for the recommended cancer types. 
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4.2 LIMITATIONS 

This is a data driven approach and the availability of the data represents a crucial need 

to do this kind of analysis. One of the limitations of this study is the availability of open 

access datasets. This could be a limitation for any other data driven approach, but what 

makes it more challenging in this study is the requirement to have both phenotypic and 

genotypic data for a large number of patients because this is a data mining-based analysis.  

The other significant challenge that this study faced in all the implementations is the 

validation in a wet lab setting. To overcome this limitation, a literature review was used to 

find the biomedical merit for the results. Still, wet lab experimentation and clinical trial 

validation is needed before implementing any of our findings on patients.  

4.3 CONTRIBUTION TO INFORMATICS AND CANCER RESEARCH 

This work aims to find homogeneous subgroups of patients within a disease population 

to implement precision medicine in our healthcare system to improve patient survival and 

reduce treatment costs. This was addressed in this study as follows: 

1- Providing a multi-dimensional patient stratification method: The developed 

method uses heterogeneous data types to represent the biological system. The 

genotypic data, phenotypic data, and biomedical entities were used to stratify 

patients and find groups of patients that share phenotypic and genotypic 

similarities. At the same time, they have significant contrast from the rest of the 

disease population. Finding these subgroups will improve drug efficiency, where 

the drugs will be used only for the patients who can benefit from them because the 

drug targets the common mechanism among the patients in that subgroup.  
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2- Finding the candidate drugs for homogeneous subgroups: This study developed a 

drug repositioning algorithm in which different biomedical entities were taken into 

consideration in order to find the drugs that can be used to target the abnormal 

mechanism for each subgroup of patients using their genotypic characteristics and 

the relation between the genes and other biomedical entities like the pathways, 

molecular functions, biological processes, cellular components, tissues, and 

diseases. 

3-  Presenting explainable results for the medical practitioners: The explainability of 

this method demonstrates the ability to explain the reasoning behind the selection 

of the subgroups and drugs. Its explainability offers the possibility to understand 

the mechanism of action to address drug resistance and to find combined therapy. 

This represents an important factor in ensuring the implementation of the method 

in the clinical setting because applying black-box methods is challenging due to 

the lack of the explainability of the results. This explainability is crucial for 

medical practitioners to decide if a patient or a group of patients can be treated 

with any recommended drug when referring to a computational method.  

4- Reducing the cost, risk, and time associated with de novo drugs development: 

Developing de novo drugs is a time-consuming, high-cost, high-risk process with 

a low FDA approval rate. This makes it challenging to recommend developing a 

new drug for a subgroup of patients within a disease population. This study 

represents a way of solving this problem by finding new indications for drugs that 

have already been approved and declared safe for human use. The drug 
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repositioning algorithm presented in this study represents a promising approach to 

overcoming the difficulties of developing new drugs. 

 

4.4 FUTURE WORK 

The future work will continue to add more perspective to the drug repositioning 

framework. Drug structure information will be added to the biomedical knowledge based 

to include the binding information of the drugs that could be useful to reposition drugs for 

patients with mutated genes. Also, the drug knowledge base will be updated to include 

recently approved drugs. To increase the scope of this framework implementation, a web-

based tool will be developed to ensure easy access to this framework by other researchers 

in the scientific community. In the next phase of this research, the plan is to validate these 

promising results at the bench in tumor cell lines in vitro and in vivo. In addition, drug 

resistance mechanisms and side effect profiles will be further studied in preparation for 

clinical translation. 
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