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Abstract 

Cancer is a major life-threatening issue in Sri Lanka as well as worldwide. Meta-analysis of 

Human Nervous System (HNS) cancers is a gap in current cancer research. The proposed 

research is focused on identifying common and unique signatures (patterns) in HNS cancers 

using bioinformatics approaches. 

We have used fifteen mutation cancer datasets and four gene expression datasets downloaded 

from the cBio Portal and analyzed the data comprehensively. In mutation analysis, single 

nucleotide polymorphisms (SNP) were used. We have used clustering approaches, association 

rules and community detection methods for filtering biologically meaningful gene clusters. 

Gene expression data were also analyzed using these methods. 

We have validated the identified gene clusters with the Mentha Human Interactome using the 

Reactome pathways and silhouette statistics. The UniProt, Ensemble, PDB and Mentha 

databases were used for data annotation and validation. 

We found 5 association rules, 19 MCODE gene clusters, 16 ClusterOne gene clusters and 622 

M-Cliques from the HNS cancer profiles. These 669 gene clusters were identified as Human 

Nervous system cancer (HNS) gene combinations. These signatures and their genes and 

proteins are visualized as networks. The genetic, protein level information of each gene and 

actionable drug details for treatment are annotated and visually presented. We have created 

the HNS interactome based on the network results. There are 569 genes (nodes) and 7282 

edges (interactions). Moreover, we have suggested 8 gene panels for HNS cancer detection. 

Furthermore, we have created an information enriched dataset for HNS cancer mutations. 

We conclude that there are highly connected sub-networks in HNS cancer. Since tumours 

have high cross cancer similarity and heterogeneity it is difficult to find a pattern for 

mutational level and gene expression level only using computational methods. Our 

methodology is developed as a reusable component which can be used to analyze different 

types of cancers. Finally, gene signatures can be practically realized as gene panels to test for 

HNS cancers. 
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1. Introduction  

1.1. Background 

A cancer or tumour is an abnormal mass of tissue (a combination of cells) which may be solid 

or fluid-filled. This is a general term that can refer to benign (generally harmless) or 

malignant (cancerous) growths. Malignant tumours are cancerous growths. They are often 

resistant to treatment, may spread to other parts of the body (metastasis) and sometimes recur 

after they were removed. Analyzing cell sample from a tumour is the main method of 

identifying tumour type and therapeutic target. Since tumour analysis requires a 

multidimensional framework, computational approaches are essential to understand hidden 

patterns in cancer data. We focus on developing a computational framework for identifying 

human nervous system tumour types based on genetic and epigenetic alterations in the tumour 

samples.  

1.2. Motivation  

Cancer is a major life-threatening issue in Sri Lanka as well as worldwide. According to the 

World Health Organization, cancer is the second leading cause of death globally. Based on 

2018 statistics, it caused 9.6 million deaths (estimated) in 2018. Globally one out of six deaths 

is due to cancers [1]. 

Furthermore, around 70% of deaths occurred due to cancers and they are from low or middle-

income countries [1]. According to Sri Lanka Cancer Institute statistics (2014) 13635 cancer 

cases were reported, and 10% of all deaths in Sri Lanka in 2012 were due to cancers [2]. 

Cancer is not one disease, but a family of diseases with diverse underlying molecular 

mechanisms. Understanding these cancer patterns in greater detail will substantially focus on 

and improve therapeutic approaches. By understanding tumour patterns (signatures), 

researches will be able to understand the deeper level of tumour biology. Furthermore, 

physicians can predict more effective therapies. Only 20% from low and middle-income 

countries have required data to drive cancer policies [1]. Therefore, Sri Lanka needs to focus 

on cancer big data analysis research as a middle-income country. 

A tumour is a multi-factorial abnormality. Analyzing tumour related data is a major 

bottleneck in cancer research. Even though large amounts of data generated and daily data 

interpretation remains a major challenge. Therefore computational approaches are essential 

for the cancer data analysis. Furthermore, in tumour sub-typing underline patterns need to be 

captured to compare and contrast different cancer types. Existing data can be used for meta-

analysis in cancers to generate more reliable cancer detections. Human Nervous system 
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cancers are the 10th leading cause of death for men and women globally [3]. Moreover, the 

survival rate (5-year) for Nervous system cancers is approximately 34% for male and 36% for 

female [3]. Due to the above reasons, this research attempts to focus on studying patterns of 

human nervous system cancer data. 

1.3. Problem Overview 

Cancer is a disease in which abnormal cells acquire the ability to divide without control and 

invade other tissues. These attributes arise due to genetic and epigenetic alterations that 

disrupt molecular pathways regulating genomic stability, cell proliferation, and cell death. 

Cancer is influenced by genetic and environmental factors and is a major health issue 

throughout the world. Currently, vast numbers of researches are focused on understanding 

cancer biology and developing treatments that are better tailored to individual patients. 

Molecular profiling data generated across many cancer types to support these aims; however, 

their interpretation remains a major bottleneck for cancer research [4]. 

Cancers are currently classified in two ways: by the type of tissue in which cancer originates 

(histological type) and by primary site or the location in the body where cancer first 

developed. In comparison with other approaches, cancer classification based on the primary 

site may not be accurate nor clinically informative, even though it is widely used within the 

medical community. From a histological standpoint, there are a large number of different 

cancers, which are grouped into six major categories, namely, Carcinoma, Sarcoma, 

Myeloma, Leukemia, Lymphoma and Mixed Types. This histological categorization also has 

noticeable limitations. Patients whose tumours have similar histological characteristics often 

have widely different clinical outcomes [5]. These tumours typically differ in their underlying 

genetic and epigenetic alterations and are driven by distinct biochemical pathways and 

mechanisms [6]. It is thus increasingly apparent that a deeper molecular-level classification of 

cancers is needed to complement and extend approaches based on tumour site and histology. 

The proposed research develops a detailed map of cancer types by analyzing molecular 

profiling data to reveal both heterogeneity and similarity within Human Nervous System 

cancer types, as well as patterns of similarity across such types. Redundancies in biological 

pathways allow many combinations of alterations to produce a similar disease outcome. 

However, it is increasingly recognized that there is a structure within the complexity of 

cancers. All cancers arise through the disruption of genes associated with fundamental 

hallmark processes, giving rise to their commonly encountered behaviours, such as 

insensitivity to proliferative constraints or avoidance of programmed cell death [5]. Analyzing 
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cell sample from a tumour is the main method of identifying tumour type and therapeutic 

targets.  

Since, cancer data analysis has large numbers of variables, high dimensional clustering 

methods are required to interpret the data. High dimensional clustering is an efficient 

computational method for grouping similar objects into groups by understanding their large 

set of attributes simultaneously. According to previous studies, Hard Clustering [7], 

Hierarchical clustering [7] and Fuzzy clustering [8] [9] methods were used for clustering and 

classifying tumour data. The Bayesian approach [10] and Probabilistic models [11] have also 

been used for tumour evolution identification. However, these tools have some disadvantages 

[12]. The proposed research focuses on overcoming the pitfalls in existing tools. To develop 

molecular signatures to differentiate tumours, several computational algorithms should be 

integrated and their output validated against biological pathway data. 

Since tumour analysis requires a multidimensional framework, computational approaches are 

essential to understand hidden subtypes in tumour samples. In this study, molecular features 

which discriminate between neurological tumour types are annotated according to their role in 

cancer-critical processes to provide clearer biological and clinical insights. 

1.4. Research question 

What are the gene patterns in Human Nervous system cancers which will help to detect HNS 

cancer? 

Specific research questions 

To answer this overall question, the following sub-questions need to be addressed:  

¶ What are the important mutated genes/ proteins which can be used to detect HNS cancers? 

¶ What is the gene expression variation which can be used for HNS cancer comparison? 

¶ Are these genes alterations correlate with each other biologically as networks?  

1.5. Objective 

Motivated by the above background, the specific objective of this research is to devise a 

computational framework for identifying cancer/ tumour signatures in human nervous system 

cancers. This is achieved through the following sub-objectives.  

¶ To identify important mutated genes/ proteins which can be used to detect HNS cancers 

¶ To identify gene expression variation which can be used for HNS cancer comparison 

To study the biological relatedness of altered genes as a network 

¶ To develop the Human Nervous system (HNS) cancer interactome (network) 



Extracting Common Signatures To Classify Human Nervous System Cancer Data With Bioinformatics Approaches 

 

4 

 

By achieving the above objectives we tried to answer the main research question. 

Furthermore, we tried to perform the proposed study to fill knowledge gaps and facilitate 

HNS cancer research. Therefore, the following objectives are also aimed. 

¶ To develop an integrative analysis platform for HNS cancer data  

¶ To develop a re-usable methodology for gene signature identification in other cancer types 

1.6. Scope 

The scope of the study is to identify gene combinations in HNS cancers with mutation and 

gene expression data obtained from the cBio Portal. The analysis will be carried out on the 

2018 June version of the database gene interaction information. The study has conducted for 

48 months. 

1.7. Methodology 

To analyze the data computational methods and biological information are considered. The 

comprehensive procedure will be explained in the Methodology chapter. 

1.8. Contribution of the research 

The main outputs of this research include:  

¶ Identification of the important mutated genes/ proteins signatures which can be used to 

detect HNS cancers (Research question 1) 

¶ Identification the gene expression variation which can be used for HNS cancer 

comparison (Research question 2) 

¶ HNS cancer interactome which can be used to visualize biological relationship in the HNS 

cancer genetic and epigenetic alterations (Research question 3) 

¶ Gene combinations (signatures) which can be used for HNS cancer detection and predict 

therapeutic targets 

By-products stemming from the research include:  

¶ Suggestions for gene panels designing to detect HNS cancers  

¶ A re-usable methodology for mutational data analysis in other types of cancers  

¶ Review on existing mutation and gene expression data analysis tools  

¶ Information enriched dataset for future HNS cancer data analysis 

1.9. Outline of the Thesis 

The following chapter will discuss the literature relating to the computational and biological 

analysis of cancer/tumour signatures identification. Existing tools and procedures are 
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analyzed related to the scope of the proposed research. A comprehensive explanation of the 

methodology used for solving the research problem is given in Chapter 3. The research is 

having main three sections (Mutation analysis (A), Gene expression analysis (B) and Results 

Integration (C)). Each section material and methods and results and discussion will be 

discussed in separate chapters (Chapter 4: Mutation analysis, Chapter 5: Gene expression 

analysis and Chapter 6: Results Integration). The conclusions and future work resulting from 

this research are presented in Chapter 7.   
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2. Related work 

A tumour is influenced by genetic and environmental factors and is a major health issue for 

many humans. Currently, vast amounts of research are focused on understanding cancer 

biology and developing treatments that are better tailored to individual patients and molecular 

profiles. Molecular profiling data is generated across many cancer types in support of these 

aims. 

2.1. Cancer data analysis 

Cancer data analysis can be mainly categorized into three sections. Firstly, Data mining was 

done to compare and contrast cancers in a given organ of different patients [13]. The second 

type is analyzing to compare and contrast different organ cancers in a cohort [14]. Finally, the 

third type of analysis compares and contrasts different cell populations in the same organ 

from a particular sample [8]. The proposed research concerns the Human nervous system 

cancer data, and so is a hybrid of the first and second types of research above. Though the 

human nervous system consists of many organs, it is limited to a particular biological system 

which is believed to give each organ in the system some commonality. 

Since the proposed research is focusing on the identification of patterns in cancer types it 

requires a large sample for data mining. Narrowing down to one organ specifically will not be 

sufficient for the analysis. In contrast, analyzing organs with broad biological diversity will 

also make the research less meaningful as common patterns are unlikely to exist. Due to the 

above reasons, the proposed research focused on the human nervous system, in which the 

different organs share similar types of tissue. 

In analyzing human cancer data, some 25000 protein-coding genes [15] need to be 

considered. Since these large numbers of features are difficult to handle without 

computational algorithms, the proposed research considered popular algorithms and strategies 

in bioinformatics. The following subsections explain the main concepts of cancer genomics. 

The proposed research used methods relating to these concepts in carrying out data analysis 

and validation.  

2.2. The Human Nervous system 

The human nervous system coordinates a person's voluntary and involuntary physical actions 

and transmits signals between different parts of the body (Figure 1). The central nervous 

system (CNS) and the peripheral nervous system (PNS) are the two main parts of the human 

nervous system. The CNS consists of the brain and the spinal cord. The PNS consists mainly 

of nerves, which are long fibres that connect the CNS to every other part of the 

https://en.wikipedia.org/wiki/Human_nervous_system
https://en.wikipedia.org/wiki/Central_nervous_system
https://en.wikipedia.org/wiki/Central_nervous_system
https://en.wikipedia.org/wiki/Peripheral_nervous_system
https://en.wikipedia.org/wiki/Human_brain
https://en.wikipedia.org/wiki/Spinal_cord
https://en.wikipedia.org/wiki/Nerve
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body. Prognosis of cancers occurred in Human Nervous system is less and recursive. To 

understand the similarities and differences of HNS cancer patterns is very vital to treatment 

procedures. 

 

Figure 1 Human Nervous System[16]  

HNS consist with two sub system (central nervous system and peripheral nervous system 

2.3. The biological aspect of cancer data 

2.3.1. Central Dogma 

All functions of living cells are performed by proteins. Proteins are coded from DNA 

sequences. DNA translates to RNA and RNA will translate proteins (Amino Acid sequence). 

This process is known as the central dogma (Figure 2). Therefore, errors or mutations in the 

DNA level will have an impact on protein structure and function. There are several diseases 

known to be caused due to genetic (DNA level) changes. Cancers are a well-known genetic 

disease. 

 

Figure 2 Central Dogma [15] : I nformation flows from DNA to protein to do cellular tasks 
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2.3.2. Gene 

The gene can be defined as a piece of DNA that functions as a functional unitô, óloci of co-

transcribed exonsô or, along similar lines, ódistinct transcription units or parts of transcription 

units that can be translated to generate one or a set of related amino acid sequencesô[17]. 

2.3.3. Gene expression 

Gene expression is the process by which information from a gene is used in the synthesis of a 

functional gene product. These products are often proteins, except in non-protein coding 

genes such as transfer RNA (tRNA) or small nuclear RNA (snRNA) genes, where their 

product is a functional RNA. In genetics, gene expression is the most fundamental level at 

which the genotype gives rise to the phenotype, i.e. an observable trait. The genetic code 

stored in DNA is "interpreted" by gene expression, and the properties of the expression give 

rise to the organism's phenotype.  

2.3.4. Protein 

Proteins are large biomolecules, or macromolecules, consisting of one or more long chains of 

amino acid residues. Proteins perform a vast array of functions within organisms, including 

catalyzing metabolic reactions, DNA replication, responding to stimuli, and transporting 

molecules from one location to another. Proteins differ from one another primarily in their 

sequence of amino acids, which is dictated by the nucleotide sequence of their genes. This 

sequence determines the folding of the protein into a specific three-dimensional structure that 

in turn determines its functionality. 

2.3.5. Biological pathways  

A biological pathway is a series of actions among molecules in a cell that leads to a certain 

product or a change in the cell. Such a pathway can trigger the assembly of new molecules, 

such as a fat or protein. Pathways can also turn genes on and off or spur a cell to move [18].  

2.3.6. Tumour  

A tumour is a reproduction of cells in defiance of normal restraints in cell growth and 

division. When such growth starts to invade and colonize territories normally reserved for 

other cells, it becomes cancer. A Tumour/Cancer is a group of diseases characterized by 

uncontrolled growth and spread of abnormal cells. If the spread is not controlled, it can result 

in death. Cancer is caused by both external factors (tobacco, chemicals, radiation, and 
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infectious organisms) and internal factors (inherited mutations, hormones, immune 

conditions, and mutations that occur from metabolism) [15].  

Tumour Heterogeneity is a major challenge in cancer biology. Genetic and phenotypic 

variations are observed between tumours of different tissue and cell types, as well as between 

individuals with the same tumour type (inter-tumour heterogeneity). Within a tumour, a sub 

colonel diversity may be observed (intra-tumour heterogeneity) [19].  According to the 

ñColorectal Cancer Classification and Cell Heterogeneity: A Systems Oncology Approach,ò 

there are three sub-topics in tumour heterogeneity, namely, cell-to-cell heterogeneity, 

immunological heterogeneity and heterogeneity in disseminated and metastatic disease [20]. 

However, our research is focused on the patient's cell to cell heterogeneity. 

2.4. Cancer/Tumour data analysis approaches 

Tumour clustering is one of the significant areas in cancer genomics. Researchers try to 

understand significant genes and gene combinations in cancers using biological [21] and 

computational methods [22]. Biological experiments are significant as they provide primary 

level key information about gene structure and function. However, biological experiments are 

not capable of analyzing large amounts of data. Meta level analysis across multiple studies is 

necessary for cancer genomics to identify hidden patterns in genomic profiles. Computational 

methods are important to analyze these collections of data generated by different biological 

labs. In Sri Lanka, cancer genomic studies are limited due to the lack of genetic studies. As a 

developing country, Sri Lanka is unable to perform large scale cancer studies for specific 

cancers such as human nervous cancers. In our research, we overcome this data limitation by 

using global human nervous system cancer data. 

2.4.1. Tumour subtyping 

There are large numbers of computational strategies in cancer genomic studies related to gene 

combination identification. Clustering, Network analysis and association rules are major areas 

in gene grouping based on cancer types and subtypes [12][23][24]. These methods have issues 

such as how to validate their outcome and whether their computationally generated results 

have any biological significance. According to a review performed by Qingxuan Song 

research group, there are five main questions in tumour subtyping [25]. These are: 

¶ How many cancer subtypes are there?  

¶ How can we evaluate the robustness of a new classification system?  

¶ How are classification systems affected by intra-tumour heterogeneity and tumour 

evolution?  
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¶ How should we interpret cancer subtypes?  

¶ Can multiple classification systems co-exist? 

These questions remain in cancer gene clustering even though many techniques have been 

introduced to the domain over the years. The proposed study develops a comprehensive map 

of the Human Nervous system cancer while answering the above questions. We performed 

inductive research on human nervous system cancers and extracted biologically important 

information using computational techniques. 

It is known that proteins work together with other proteins to perform various cellular tasks 

[26]. Their interactions can be categorized into different types. They interact with other 

proteins and molecules in a living cell. These interactions change in disease conditions such 

as cancers. Therefore, it is important to study the impact of gene combinations rather than 

individual genes. The proposed study was based on analyzing the gene combination involved 

in cancers.  

Furthermore, the research is focused on finding gene combinations as signatures to detect 

human nervous system cancers. Therefore the results of this research can be used for defining 

a gene panel for HNS cancer detection. Gene panels are used globally to screen cancers and 

predict drugs. There already are brain cancer panels in use [27]ï[29]. However, they have 

some limitations such as only considering mutations (and not gene expression) and being 

based on a limited set of genes. There currently are no gene panels defined for peripheral 

cancers.  

There also are no gene panels based on gene expression data. If there are methods to extract 

genes for HNS gene expression data analysis, it will be helpful for Sri Lankan HNS gene 

expression screening. It is cost-effective to screen a limited set of genes. 

The proposed study aims to fill the above gaps in HNS cancer research. This study considers 

individual genes and combines their impact to form a comprehensive gene interaction map. 

2.4.2. Human interactome 

The human interactome is a protein-protein interaction (PPI) network which explains living 

cell architecture. The physiology of a cell can be viewed as the product of thousands of 

proteins acting in concert to shape the cellular response. Coordination is achieved in part 

through networks of protein-protein interactions that assemble functionally related proteins 

into complexes, organelles, and signal transduction pathways. Understanding the architecture 

of this human proteome has the potential to inform the nature and form of cellular, structural, 

and evolutionary mechanisms, and is critical to elucidating how genome variation contributes 
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to the causality of disease [30]. Analyzing the disease-related PPI network enhances the 

knowledge of the effects of genetic and epigenetic variation in causing the disease [31]. 

 

2.4.3. Cancer Signature 

In previous, individual gene alterations were considered for cancer therapies. This approach 

has a pitfall since cancer is occurred due to the gene combination effect. So it is important to 

identify gene combinations in cancers when predicting treatment. A cancer signature can be 

defined from different perspectives. Fundamentally, a signature is an identifier of cancer 

genetic and epigenetic alterations. It can be a combination of several genes and epigenetic 

changes. In the proposed research, a signature is defined as a combination of gene alterations 

which predominantly appear in cancer profiles and is highly correlated with each other in 

performing particular cell functions. Identification of these signatures will help researchers to 

detect HNS cancer pathways and drug targetable gene combinations, and lead to the design of 

HNS gene panels. 

Furthermore, in the proposed research, the genetic alteration will be considered to identify 

gene combinations of HNS cancers. A signature will be several genes combination. Signature 

genes have two major characteristics. Firstly, they are highly altered in HNS cancers and 

secondly genes will interact with each other to perform cellular tasks. These signatures will 

give an insight into cancer biological pathways which can be unique to HNS cancers or 

common with other cancers. Therefore, information capture from this research will guide 

future HNS cancer therapies. 

2.5. The computational aspects of caner data mining 

Algorithms are sets of clear instructions and computations which explain processes. They start 

with an initial input and a start state. They then traverse through several successive states to 

produce output in a terminating state. The proposed research uses several algorithms to 

perform different tasks in the analysis of the HNS cancer dataset.  

2.5.1. Clustering 

Clustering is the process of grouping observations based on the similarity of their 

feature/attribute values. It groups objects which have similar features into one group while 

dividing dissimilar features into different groups. It is a machine learning technique heavily 

used in bioinformatics data analysis.  



Extracting Common Signatures To Classify Human Nervous System Cancer Data With Bioinformatics Approaches 

 

12 

 

 

Figure 3 Clustering types  

Main three approaches to group observations based on their expression values 

 

Above figure (Figure 3) explains the main three types of clustering used in bioinformatics 

data analysis. Hard clustering is heavily used in gene expression data analysis and hierarchical 

clustering is used in phylogenetics. Soft clustering approaches are used to create gene clusters 

which may have common biological functions. 

2.5.1.1. Hard clustering 

Hard clustering is grouping the observations such that one observation is assigned only to one 

cluster. K-means and Affinity propagation are examples of this type. In the research hard 

clustering is used for vector quantization. Each cancer sample is clustered based on nearest 

mean via using Euclidean distance. It is a supervised method since the number of groups 

should be provided to the algorithm prior to the analysis. In biology, it is very critical to 

identify the exact number of groups in a data matrix. However, researchers have used hard 

clustering to validate the experiments which have strong signals. 

2.5.1.2. Hierarchical clustering 

Hierarchical clustering is a technique in which groupsô increasingly similar observations into 

smaller groups. This clustering algorithm results in a dendrogram and is used heavily in 

phylogenetic analysis in bioinformatics. It lends itself to be interpreted at different levels of 

granularity to different numbers of clusters. The steps of hierarchical clustering as follows, 

¶ Each observation allocate into a separate cluster 

¶ Calculate distance matrix (Each observation pair) 

¶ Based on the closeness observations are merged and recalculate distance matrix for 

new clustered observations  
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¶ 3rd step is an iterative process until all observations comes to one cluster 

¶ Relatedness of observations can be visualized as a dendogram 

2.5.1.3. Soft clustering 

Soft clustering or Fuzzy clustering is a clustering method in which each observation could 

potentially belong to more than one cluster in different proportions. In a biological context, 

genes and proteins will perform more than one task in the cell. Soft clustering, therefore, 

enables the identification of different aspects and actions of genes and proteins. Furthermore, 

cancers have different properties which may be better explained with soft clustering. Topic 

modelling and C-means clustering are examples of soft clustering algorithms. The calculation 

approach is similar to hard clustering however the soft clustering algorithm with consider 

observation not only to the nearest mean. It calculates each observation contribution to all 

clusters. 

2.5.2. Network analysis 

2.5.2.1. Biological Networks 

Biological networks are used in explaining the genetic relationships of certain biological 

features such as co-expression, gene localization and physical interaction. A node in a gene 

network represents a gene while the weight of the interconnection of two genes represents the 

strength of the relationship. Some biological networks such as pathway networks explain how 

each gene/ protein interacts to perform a cell task. 

Following figure (Figure 4) is explaining the RNA functions of a human cell. Main function 

has sub processes which require different proteins and regulatory elements. To perform the 

main function all sub-processes should work accurately within the time frame. If protein gets 

mutated in the pathway all functions related to the protein will get affected. Therefore all 

protein and regulatory elements link to each other in different formats such as co-expression, 

co-localization and shared domains. Protein interactions can be represented as a network. In 

cancer research these protein interaction networks are used to interpret the impact of protein 

mutations[32]. The above correlation was used in the research to validate cancer signatures. 
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Figure 4 Biological network explaining cellular  function in a living cell [33] 

2.5.2.2. Biological Network Analysis 

When interpreting networks, different network parameters should be taken into consideration. 

These parameters explain the computational and statistical influence of analyzing biological 

data via bioinformatics tools. A human protein-protein network is useful for extracting protein 

communities, in HNS cancers in this case. The human interactome is a protein-protein 

interaction network which has more than 12000 proteins and around 75000 interactions based 

on literature evidence. In the proposed research, the human interactome is used for 

community detection and also signature validation. Cancer related network analysis is 

performed for breast cancer[34]. Moreover protein network were heavily used on other 

species in order to understand the biological pathway regulations [35]. In the study we have 

used network parameters and community detection algorithms on human interactome to 

identify HNS cancer related networks altered based on mutations and gene expression 

variations. These parameters were used to extract the hub genes in the networks which can be 

interpreted as significant genes/ proteins in gene signatures. 

(1) Degree: 

The degree of a node in a network or graph can be defined as the number of edges incident to 

the node, with loops counted twice. 

(2) Betweenness: 

The centrality measure of a vertex within a graph is known as its betweenness. Furthermore, it 

can be defined as the number of shortest paths between pairs of nodes that run through it. 
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(3) Clustering co-efficient:  

This is the basic measure that accounts for the internal structure of a network. The clustering 

coefficient is the degree to which nodes in a graph tend to cluster together. 

(4) Community detection algorithms 

In biological network analysis, the algorithms are used to identify gene communities which 

are involved in performing a cellular task. These algorithms are capable of extracting highly 

correlated genes from a large gene interaction network. The following algorithms are popular 

community detection algorithms, each focusing on a different aspect of gene communities. 

These algorithms are used to identify hidden patterns in a species [36] or disease condition 

[37]. 

a) MCODE algorithm 

The ñMolecular Complex Detectionò (MCODE) algorithm identifies densely connected 

regions of a gene or protein interaction network (Figure 5). These highly connected regions 

may represent a molecular complex. The algorithm concerns about modularity when detecting 

molecular complexes. The MCODE algorithm is based on vertex weighting by local 

neighbourhood density. It has the advantage over other community detection algorithms of 

allowing the tuning of a protein group of interest without considering the rest of the 

interactome [38]. 

 

Figure 5 MCODE algorithm main steps and weighting nodes[26] 

b) ClusterOne algorithm 

Overlapping Neighborhood Expansion (ClusterONE), identifies overlapping protein 

complexes by using a greedy growth process to find groups in a protein-protein interaction 

network. It depends on overlapping neighbourhood expansion. The ClusterONE algorithm 

detects the cohesiveness of a molecular network and has a high extent of functional 
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homogeneity [39]. This algorithm is mostly used in species functional pathways 

identification. This algorithm will set seeds for random genes/proteins as the 1
st
 step. 

Neighborhood expansion is the second step of the algorithm. It is an iterative process until all 

proteins are concerned. Final step would be cluster the proteins which are highly connected 

based on degree and betweenness. Following figure (Figure 6) shows the highly connected 

protein networks extracted from a large interactome. In the following research these network 

analysis algorithms will be used to identify cancer related highly connected proteins. 

 

Figure 6 ClusterOne algorithm which consider overlapping regions 

c) M-clique algorithm 

The M-clique algorithm attempts to identify complete graphs in a protein-protein network. A 

complete graph is a graph in which every node is connected with every other node via a 

unique edge in the network. Clique algorithms use a depth-first search strategy since complete 

graphs are highly interconnected. The proteins identified by this algorithm are biologically 

significant as they are more prone to be protein complexes which are physically 

interconnected in a living cell. If these are altered, cell function will be interrupted partially or 

fully.  

2.5.3. Association rules in data mining 

Data mining is the process of analyzing data from different perspectives and summarizing it 

into useful information. It can be used to identify trends and patterns which are hidden in a 

large data set. The knowledge or patterns of mined should be meaningful and interesting from 

a particular point of view [17]. 

Association rules are if/then statements that help identify relationships between unclear 

unrelated data in a dataset. An association rule has two parts, an antecedent (if) and a 

consequent (then). An antecedent is an item found in the data. A consequent is an item that is 



Extracting Common Signatures To Classify Human Nervous System Cancer Data With Bioinformatics Approaches 

 

17 

 

found in combination with the antecedent. Association rules are created by analyzing data for 

frequent if/then patterns and using the criteria support and confidence to identify the most 

important relationships. Support is an indication of how frequently the items appear in the 

dataset [40]. Confidence indicates the number of times the if/then statements are true. If a 

gene set is highly mutated, as a rule, it signifies that the gene set is common to that particular 

disease state and to identify the disease, this gene set can be used as a marker.  

2.5.3.1. APRIORI Algorithm 

Apriori is the most commonly used algorithm for the identification of associated rules in the 

datasets. In Apriori, once frequent itemsets are obtained, it is straight forward to generate 

association rules with confidence larger than or equal to user-specified minimum confidence 

[41]. Furthermore, this algorithm is of interest here since it is quite simple and easy to 

implement. Experimenting with an Apriori-like algorithm is the first thing that data miners try 

to do [41].  

2.5.3.2. EM Algorithm 

This is a basic algorithm for finding maximum likelihood in a statistical model and it is 

widely used in data clustering. According to the explanation in a comparison of algorithms, 

the EM algorithm is a model which can be used to cluster continuous data and to estimate the 

underlying density function. These mixture models can be fitted by maximum likelihood via 

the EM (Expectation-Maximization) algorithmò [41]. 

2.5.4. Non negative matrix factorization 

Non negative matrix factorization (NMF) algorithm (Figure 7) is used for high dimensional 

data matrix to extract spares and meaningful feature set [42]. In biology gene expression data 

has high dimensional data matrix to capture the up regulation and down regulation of genes 

[43]. For cancer data analysis NMF method is being used to find feature sets which regulate 

the cancers and sub types of cancers[44].  
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Figure 7 NMF algorithm in gene expression data class discovery for biological clusters 

From the non-negative matrix (genes and samples) algorithm will extract meta-genes which 

can be used to classify the initial samples in to groups. Meta-genes are features after the 

dimension reduction in gene expression data. According to the variability of mata-gene 

expression it is possible to cluster/ classify groups.  

2.6. Summary 

The exponential growth of data sets of somatic mutations and gene expressions from tumour 

samples demands analysis methods for a comprehensive understanding of cancer mutations, 

genes and pathways across tumour types [45]. The proposed research is designed to 

understand the behaviour of the genes with the different cancer types in the human nervous 

system. The proposed research covers three areas of cancer genetic analysis as detailed below. 

For the study we have used American College of Medical Genetics and Genomics (ACMG) 

guidelines [46] for validate mutation impact and gene expression data analysis approach was 

developed based on the cancer genome projects such as multi cancer molecular signatures and 

their relationship[47] and Mutation analysis of 24 known cancer genes in the NCI-60 cell line 

set[48]. 

2.6.1. Generation of cancer gene signatures 

Gene maps would provide knowledge about genetic influence in cancers. Signatures are 

developed according to biological networks and validated with several statistical and 

computational tools. These signatures will enhance cancer research prospects as expected in 

ñEmerging landscape of oncogenic signatures across human cancersò[49] research. According 

to cancer researchers, an understanding of tumour biology in terms of systematically derived 

signatures of functional alterations will provide an informative resource for deciding what to 

explore in the laboratory and the clinic, while also aiding in the development of personalized 

cancer therapies [49]. 
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2.6.2. Identification of new drug targets 

According to the explanation in ñEmerging landscape of oncogenic signatures across human 

cancersò [49] research, ñThe clinical impact of these signatures depends on the ability to 

selectively block the oncogenic action of these molecular alterationsò [49]. New drug targets 

can be identified by analyzing cancer signatures with drug targetable networks and cancer 

triggering pathways. To achieve this objective, different statistical network analysis has been 

carried out resulting in improving the effectiveness of the cancer signatures. It is widely 

appreciated that cancer is a disease not of individual mutations, nor genes, but combinations 

of genes acting in molecular networks corresponding to hallmark processes such as cell 

proliferation and apoptosis [50]. According to the previous statement, the proposed research 

has been carried out in different aspects of cancer biology without holding only to known 

cancer pathways. 

2.6.3. Ability to capture new oncogenes and tumour  suppressor genes 

The proposed research is carried out to identify new probable genetic influences for cancer 

incidence and spread.  According to ñComprehensive identification of mutational cancer 

driver genes across 12 tumour typesò [51] research ñespecially the diversity of molecular 

alterations underlying diseases that are very similar in histology and phenotype is still 

incompleteò [50]. Moreover, there are many probable genes which have an impact on cancer 

biology that could still be hidden due to less analysis capability.   

The following chapters will explain the methodology used and the results of the study. 
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3. Materials and Methods  

3.1. Philosophy and Theoretical Foundation 

The proposed research was conducted based inductive research approach. We have used HNS 

genetic secondary data for empirical analysis. In cancers, altered genes and proteins work as 

groups to convert a normal cell into a cancer cell. To identify these altered proteins and 

processes in HNS cancers, we have used protein interaction evidence. In biology, proteins 

will interact with each other to perform cellular functions. These interactions were 

investigated and published on PPI interaction databases. Therefore, the proposed study is 

based on existing biological evidence published related to protein-protein interactions. 

3.2. Conceptual Design  

3.2.1. Materials  

Data for the proposed research was downloaded from cBioPortal (2018 update) mutation data 

files and gene expression data files. We have downloaded secondary data from 15 different 

HNS projects. The following table (Table 1) shows the data availability in each project.  

Table 1 Proposed research data 

 Type  Project name  Mutation Gene expression 

Peripheral nervous system  Mpnst_mskcc  Yes No 

Nbl_amc_2012  Yes No 

Nbl_ucologne_2015  Yes No 

Nbl_target_2018_pub  Yes Yes 

Central Nervous system  Pcpg_tcga  Yes Yes 

Past_dkfz_heidelberg_2013  Yes No 

Lgg_tcga_pan_can_atlas_2018  Yes No 

Mbl_sickkids_2016  Yes No 

Mbl_icgc  Yes No 

mbl_pcgp  Yes No 

Mbl_broad_2012  Yes No 

Odg_msk_2017  Yes No 

Gbm_tcga  Yes Yes 

Lgg_tcga  Yes Yes 

Lgg_ucsf_2014  Yes No 

All data is generated from next-generation sequencing platforms. They have used whole-

genome sequencing for mutation identification. We have four peripheral nervous system 

projects and eleven central nervous system projects. Some cancer types sequenced from 
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multiple projects. (eg: Neuroblastoma and Medulloblastoma). Since the patient cohorts are 

mutually exclusive we have considered them as individual projects. We have only considered 

the mutation data and gene expression data for the proposed research. 

3.2.2. Overview of the Methodology 

Data for the proposed analysis have two dimensions (Patients and Genes) (Figure 8). Gene 

dimension can be referring in many ways such as genomic position, gene, protein or protein 

position. The following diagram explains the analyzing hierarchy of the research. According 

to the diagram, genes were analyzed based on mutation and gene expression data. Patient data 

were used to validate and visualize the results output. To the analysis, purely computational 

methods and computational methods with biological reasoning were used.  

 

Figure 8 Data analysis aspects; Gene data analysis is the focus on the research 

The workflow of the research has consisted of four main stages for mutation data analysis and 

gene expression data analysis (Data preprocessing, Data analysis, Data validation and Data 

visualization). Each stage will be discussed in detail in future topics. Figure 9 shows an 

overview of the workflow.  

 

Figure 9 Workflow of the research (Main four stages and two branches of data analysis) 
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Figure 10 Detail level workflow  

Mutation and gene expression data results are merged in results integration 
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Figure 10 shows the detail level workflow of the proposed research. Research has divided into 

main three stages. Based on that division we have demonstrated the analysis of the research.  

¶ Mutation data analysis process (A) 

¶ Gene expression analysis process (B) 

¶ Results integration (C) 

The detailed methodology of each division and its results will be discussed in separate three 

chapters as follows; 

¶ Mutation analysis (A) : Chapter 4 

¶ Gene expression analysis (B) : Chapter 5 

¶ Results integration (C ) : Chapter 6 
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4. Mutation data analysis 

The chapter explains the methodology and results of the mutation analysis (A) (Chapter 3: 

Figure 10). 

4.1. Methodology in Mutation analysis 

The mutation data analysis process has main four stages. 

¶ Mutation data preprocessing 

¶ Mutation data analysis 

¶ Mutation analysis results validation  

¶ Mutation results visualization 

4.1.1. Mutation data preprocessing 

All datasets were downloaded from freely available cBioPortal (July 2018 version v1.13.2 

[52]ï[55]). Table 1 shows the dataset details used for the analysis. These datasets annotated 

with the old genomic version (GRCh37) in genomic level and protein level. We have used 15 

cancer projects (11 from the central nervous system (CNS) and 4 from the peripheral nervous 

system (PNS)). Each donor/patient is different however there are similar mutations in 

different projects. 

4.1.1.1. Mutation genome build conversion 

The initial step of the analysis is data purification. Data were generated in Genome Reference 

Consortium Human Build 37 (GRCh37). We attempted to predict variant effect prediction 

with the old version. However, we found several errors while predicting the effect. Therefore, 

the first step of the analysis begins with data conversion to the latest version. There were two 

methods for data conversion.  

The first method was to convert the old genome position to new protein positions. The second 

method was converting the old protein position to a new protein position. We have used 

VEP[56] genomic reference conversion tool for genomic position conversion[56] BISQUE 

[56] and the UNIPROT tool [57] for protein position conversion. REST API in the Ensemble 

database was used for the Ensemble ID conversion. We have compared the efficiency of 

Ensemble ID (VEP) and UNIPROT ID (UNIPROT) in protein data identification. We have 

considered the Ensemble IDs and UNIPROT Ids as protein identifiers. However, many tools 

prefer UNIPROT IDs for data annotation. We considered both methods and selected the most 

effective methods which give minimum errors in data conversion. 
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4.1.1.2. Protein level annotation 

There are two levels of protein level data annotation. The first level is sequence-level data 

annotation. For the sequence level, we designed the research methodology to cover two 

perspectives in bioinformatics data analysis (Figure 11). This work will be contributed to a 

computational and biological domain as shown in the methodology graph. 

 

Figure 11 Data conversion methods used for protein mutation position identification 

In the computational perspective, we analyzed 7 protein level data annotation techniques. 

From the biological perspective, we have analyzed 15 cancer projects which have 1106362 

genomic entries and annotated protein sequence level and structural level data. From the 

biology perspective, we have studied the datasets and mutation distribution in HNS cancers. 

We have created an information-rich dataset of mutations for HNS cancers. Furthermore, we 

have analyzed the amino acid level changes in the full dataset. We have analyzed protein 

chemical property changes in the mutated proteins. 

A second data layer was sequence level to protein structure level data annotation. For the 

above mention step, we compared  BISQUE [58], PDB genomic mapper [59] and Joseph 

Marsh Group PDB mapper tool (not available online). Since we had a list of mutations, we 

considered the batch processing option in each tool. We have coded an R script for extract 

protein level data into each mutation as batches. We have used httr, jsonlite and xml2, Data. 

table libraries for batch processing and data cleaning in R. 

4.1.2. Mutation al data analysis 

4.1.2.1. Mutation basic statistics  

We filtered single nucleotide polymorphisms for further analysis. To get the mutation impact 

Ensemble Variant Effect Prediction Tool [56] was used. Data matrixes were generated with 

the R package. Furthermore, we used the Reactome pathway tool [60] to map biological 
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functions for each mutated proteins. These entire methods required batch processing hence all 

datasets have a large mutation list to annotate. 

All mutation files merged for further analysis and protein mutated variant were filtered for the 

analysis. Basic statistics were calculated for mutations, genes, proteins, Amino acid changes 

and Reactome pathways. 

We have considered different strategies to identify significant gene combinations in Human 

nervous System cancers. Clustering, Association rule and Network Analysis are the main 

three areas we used to extract signatures (a combination of significant genes). 

4.1.2.2. Mutation clustering 

For mutation clustering, we have considered the mutation position clustering, gene clustering 

and protein clustering. We have considered the hard clustering approach (K-means) and 

hierarchical clustering approach. The euclidian distance was considered in the distance 

calculation. K-means clustering requires K value (Number of clusters) prior to the analysis. 

We have used several K prediction methods such as Akaike information criterion and 

Silhouette method to predict the number of clusters. Complete linkage clustering used as the 

linkage criteria. Heatmaps were created to visualize the clusters. All mutations treated with 

equal weight irrespective of their seriousness.  

4.1.2.3. Mutation association rules 

In the association rule identification, we considered mutational level association rules, gene-

level association rules and protein level association rules by using the arules algorithm [61]. 

The confidence, lift and support were considered to filter association rules. More than 50% 

confidence level rules were extracted for the validation. 

4.1.2.4. Mutation network analysis 

Networks analysis was performed using human interactome (taxonomy id 9606) downloaded 

from the Mentha database (2018-06-25) [62]. For the network building, we have considered 

mutated proteins and their 1
st
 neighbour interactions. These networks are from major 

segments(Central Nervous System (CNS) cancers and Peripheral nervous system (PNS) 

cancers). We have extracted six main networks. 

¶ Network from CNS mutated genes 

¶ Network from PNS mutated genes 

¶ Network from all mutated genes in HNS cancers 

¶ Network from mutated genes intersection of CNS and PNS cancers 

https://mentha.uniroma2.it/doDownload.php?file=2018-06-25.zip
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¶ Network from unique genes from CNS cancers 

¶ Network from unique genes from PNS cancers 

We have studied the number of nodes and edges, clustering co-efficient and isolated nodes in 

each network. We have used several community detection algorithms to identify highly 

connected gene clusters in these networks. We have not considered the CNS and PNS 

networks and reasons will be discussed in the results and discussion section. 

(1) MCODE algorithm networks 

We have used the MCODE [26] algorithm to search protein clusters (molecular complexes) in 

the PPI network. We have extracted highly connected gene clusters from four networks 

created in the previous section. The parameter setting for the analysis was Degree cutoff: 2, 

Loops included, Haircut, no Fluff, and K-core: 2, Max depth: 100 and Node Score cutoff: 0.2. 

We have filtered out protein networks which have an MCODE score of less than 10. MCODE 

clusters were further investigated based on biological publications. 

(2) ClusterOne algorithm networks 

ClusterOne algorithm is used to detect overlapping regions. A P-value of less than 0.05 is 

considered high confident networks and P-value between 0.1 and 0.05 are considered as 

moderate confident networks. We have omitted networks which have nodes that count less 

than five. We have extracted overlapping regions in the four networks created in the previous 

section. ClusterOne results were further investigated based on biological publications. 

(3) M-cliques algorithm networks 

To detect cliques (complete graphs), we have used the M-clique algorithm. Networks which 

have more than five nodes are taken into consideration. We have studied the biological 

background of completed graphs extracted from four main networks.  

(4) Other algorithms 

Markov cluster algorithm (MCL)[63] and Page Ranking algorithm[64] also considered for 

network analysis. We have used tested several other algorithms for gene network 

identification.  

¶ Markov Cluster Algorithm (MCL) is a scalable unsupervised clustering algorithm for 

networks. It can be used for both weighted and unweighted networks. It uses network 

topology and edges weight for clustering.  

¶ PageRank (PR) is an algorithm used by Google Search to rank web pages in their 

search engine results. 
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¶ Fast Agglomerate Algorithm (FAG-EC) algorithms are identifying functional modules 

based on the edge clustering coefficients 

4.1.2.5. Hub genes and critical genes identification in mutation 

networks  

After network analysis, we have merged MCODE and ClusterOne networks generated from 

the main four networks. We have eliminated the M-clique results (Discussed in the 4th 

chapter). We have used the number of mutations, degree and clustering co-efficient to find 

hub genes and critical genes in the four main networks. We have sorted the genes based on 

above mentioned three parameters. We have filtered 1st 10% of genes from each network to 

create the signatures.  

4.1.2.6. Mutation gene signature creation 

The following diagram (Figure 12) shows the signature extraction procedure for Human 

Nervous system (HNS) cancers and its' subdivisions (Central Nervous System (CNS) cancers 

and Peripheral Nervous System (PNS) Cancers). 

 

Figure 12 Mutation data analysis structure 

Association rules, clustering approaches and network analysis methods were used in genomic level, 

mutation level and protein level. Common signatures and unique signatures were created via using these 

approaches 

We have merged results from all three methods to create signatures. These signatures (a 

combination of genomic alterations) were further investigated with their mutation count and 

betweenness in network analysis. Extracted signatures were validated with the biological 

evidence and they will be discussed in the results and discussion chapter.  
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4.1.3. Mutational results validation 

4.1.3.1. Mutation clustering validation 

The clustering validation process was performed with literature evidence derived for human 

Reactome pathways. 

4.1.3.2. Mutation association rules validation 

Association rules validation was performed for gene levels. These rules were validated with 

biological evidence. For the above mention task, we have used REACTOME [60] tool, 

PSICQUIC [65] REST API Open targets tool[66] and GENEMANIA tool [67]. This 

biological evidence we considered based on physical interactions, co-expression interactions, 

co-localization interactions, biological pathways interactions, predicted interactions, genetic 

interactions and shared protein domain interactions. Association of genes were proved from 

shorted paths (maximum 2nd level neighborhood). 

4.1.3.3. Mutation network analysis validation 

The network analysis process was performed with literature evidence derived for human 

Reactome pathways, disease association information (OpenTarget database) and COSMIC 

database information. Furthermore, network statistics were considered to identify the 

connectivity of the networks.  

4.1.4. Mutational results visualization 

4.1.4.1. Mutation information data-frame creation 

We have created a data-frame for all mutations we have analyzed. It is considered with 

mutation details, protein sequence data and protein structures, biological pathways and HNS 

cancer projects descriptions. Each mutation or gene details can be retrieved from the data 

frame and visualize in a panel. 

4.1.4.2. Mutations and protein structures visualization 

We designed a PHP based panel to visualize the PDB structures mapped from the output. We 

visualized UNIPROT isoform levels and every predicted protein structure for each mutated 

protein. This will show whether the mutation is occurred in binding sites, motif or domain. 

We presented the topological view of the protein sequences therefore it is easy to analyze the 

impact of the mutations in protein domains and motifs. We integrated the PDBe protein 

residue interaction component[59] for our visualization panel. We investigated the protein 

structural differences by using the RCSB PDB protein structure comparison tool[68].  



Extracting Common Signatures To Classify Human Nervous System Cancer Data With Bioinformatics Approaches 

 

30 

 

All mutation and their relevant protein details are represented as a report. The report contains 

mutation impact, protein sequence, and topological view and drug details of the mutated 

proteins. 

4.2. Results and Discussion in Mutation analysis 

Mutation data analysis divided into subsections as data preprocessing, data analysis, data 

validation and data visualization. 

4.2.1. Data preprocessing outcome 

The data we have used for the analysis have genomic alterations other than single nucleotide 

polymorphisms (SNP) such as insertion and deletions. However, the research focused on SNP 

mutations since they are the prominent mutation type in cancer mutations. The following 

Table 2 shows the SNP mutation frequencies in each dataset we have used.  

The Dataset consisted of 15 projects and 4 of the projects come under peripheral tumours and 

11 are from central nervous system cancers. We merge all mutation projects into a single 

project for the mutation analysis. There are 106900 variants and 2234 donors in the merge 

project. Initial data file have old version genomic position and their respective protein 

mutation positions. We performed a basic analysis to understand the version compatibility of 

datasets. We have tested two methods to identify protein position changes. (Methodology 

chapter, Figure 11) shows the process of analysis. In method 1, we have tried to convert 

protein positions directly. In the analysis, we have faced three major issues. Some protein 

positions do not provide genomic positions. Hence this was a tool error we informed the 

developers.  Due to the above reason, we could not find entries for protein such as Q9BX63 

position 990.  

Secondly, there was protein position mapped with different chromosomes genomic positions 

(eg: P62805-1,6,12 chromosomes and P84243-1, 17 chromosomes). According to the 

analysis, we have found out these proteins synthesized in different chromosome locations and 

they are histone proteins. The third problem was filtering SNP mutations from protein 

changes. Protein positions such as Q9HC77:1235 are occurred due to deletion of the intron. 

Therefore, they are not SNP at the genomic level. To solve the above issues we used method 2 

which had intermediate steps. Even though method 2 has more steps than method 1, it will 

reduce data loss during data annotation. 
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Table 2 Mutation (SNP) considered in the analysis 

 Type Dataset Mutation Patients SNP SNP/Mutation % 

Peripheral 

nervous 

system 

Mpnst_mskcc 4582 15 3767 82.21 

Nbl_amc_2012 568 73 506 89.08 

Nbl_ucologne_2015 920 56 818 88.91 

Nbl_target_2018_pub 1035 372 1035 100 

Central 

Nervous 

system 

Pcpg_tcga 4662 184 3823 82 

Past_dkfz_heidelberg_2013 236 78 217 91.95 

Lgg_tcga_pan_can_atlas_2018 39299 510 37481 95.37 

Mbl_sickkids_2016 4779 44 4581 95.86 

Mbl_icgc 1059 114 1018 96.13 

mbl_pcgp 558 37 536 96.06 

Mbl_broad_2012 1808 92 1696 93.81 

Odg_msk_2017 281 22 229 81.49 

Gbm_tcga 22073 290 20949 94.91 

Lgg_tcga 9885 286 9228 93.35 

Lgg_ucsf_2014 15155 61 14804 97.68 

  

4.2.1.1. Genome build conversion results 

Initially, we filtered the SNP mutations for all datasets and converted them to the new genome 

build. Some genome positions in 37 build are not available in the 38 genome build. This may 

be due to the assembly errors between the versions. Data loss in the conversion is given below 

(Table 3). However, it is concluded that from the above-mentioned methods, Method 2 is 

more effective. Therefore, we integrated method 2 for the workflow. 

Table 3 Data loss in the genome build conversion 

Project Input  Output  Data loss % 

Mpnst_mskcc 3427 3301 3.680 

Nbl_amc_2012 502 501 0.200 

Nbl_ucologne_2015 816 812 0.490 

Nbl_target_2018_pub 973 944 2.980 

Pcpg_tcga 3371 3332 1.157 

Past_dkfz_heidelberg_2013 211 211 0.000 

Lgg_tcga_pan_can_atlas_2018 36710 36572 0.376 

Mbl_sickkids_2016 4553 4542 0.242 

Mbl_icgc 1001 998 0.300 

Mbl_pcgp 532 530 0.376 

Mbl_broad_2012 1687 1684 0.178 
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Odg_msk_2017 173 173 0.000 

Gbm_tcga 20407 20332 0.368 

Lgg_tcga 8850 8818 0.362 

Lgg_ucsf_2014 14003 13961 0.300 

4.2.1.2. Mutation protein annotation results 

After the data conversion step, the genome mapped dataset was used for the mutation impact 

annotation. We have used the VEP annotation tool for this process (Figure 13). This process 

acquired the longest time in the workflow of data purification. We compared the web portal 

and REST API for the analysis. The web portal has taken more time compared to the REST 

API given by the VEP tool. However, web portal and REST API results are exactly similar. 

The following shows the visual representation of a project considered in the analysis of web 

portal results. Similar to this project, missense variants are the highest mutation type in all 

projects. From the VEP tools, we can annotate the nomenclature, transcript, gene name, 

protein id, and protein change impact, literature regarding the mutation, COSMIC id and exon 

number. One genomic mutation may alter different transcript and different isoforms. Due to 

the above reason, each genomic position should be annotated with its' respective transcript 

and protein isoform ids.  

 

Figure 13 VEP mutation prediction visualization set of mutations for GBM project  

There are 3759 mutations were processes as a batch and 3965 genes were identified as mutated genes. 

Coding consequences were considered for the analysis. 65% missense mutations were detected. 
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Initially, for protein annotation, we considered the VEP tool output generated in the previous 

step. The following table (Table 4) shows the protein position mutated in the datasets 

according to the VEP tool.  

Table 4 VEP tool annotation results 

Project VEP Input VEP Output Filter protein position 

Mpnst_mskcc 3634 20561 2977 

Nbl_amc_2012 505 3501 1597 

Nbl_ucologne_2015 814 5738 2328 

Nbl_target_2018_pub 1002 5564 1024 

Pcpg_tcga 3759 26318 14042 

Past_dkfz_heidelberg_2013 217 1689 943 

Lgg_tcga_pan_can_atlas_2018 37342 282060 697148 

Mbl_sickkids_2016 4570 35289 15169 

Mbl_icgc 1015 8731 5398 

Mbl_pcgp 533 4027 1899 

Mbl_broad_2012 1692 13601 5858 

Odg_msk_2017 229 1827 1795 

Gbm_tcga 20871 142187 71245 

Lgg_tcga 9196 67436 213923 

Lgg_ucsf_2014 14762 115528 71016 

Total mutations 100141   1106362 

Since, VEP tool annotate all transcripts affected by the mutation, entries of each mutation 

may be repetitive in the output. In the workflow, we remove the above-mentioned redundancy 

and considered the protein position mutations. We have identified VEP tool can identify all 

the protein mutations, however; it annotated the protein via using ENSP IDs. Most of the 

tools are compatible with SWISSPROT IDs rather than ENSP Ids. 

Due to the above reason, the designed workflow used SWISSPROT IDs for the protein 

mutation position identification. In order to perform the task, we considered four protein 

annotation tools (VEP SWISSPROT id identification tool, BISQUE tool [46] [43] [42] [41] 

[40] [39] [38]. UNIPROT web portal and UNIPROT API) 

A UNIPROT web tool is unable to annotate the protein mutated positions. Furthermore, 

UNIPROT API only providing the starting and end position of the protein, not the mutated 

position. Due to the above reasons, we could not use UNIPROT tools for protein position 

identification. 

To validate the VEP and BISQUE, we considered the number of entries annotated by the 

tools. The following graph (Figure 14) shows the results of protein position identification 

from both tools. According to the results, we can conclude the BISQUE tool is more effective 
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for protein position prediction. Hence it achieved a 99% success rate in protein position 

identification. Less than 1% of data loss is due to a lack of information provided by 

UNIPROT regarding a particular protein. On the other hand VEP tools, data loss is around 

50% in every project. However, the BISQUE tool refers to the UNIPROT database for data 

annotation. Moreover, it could not facilitate a large mutation list for analysis. We generate an 

R script for data retrieval from BISQUE to a data frame in R. These bridging techniques 

enable large mutation lists annotation from the BISQUE tool. VEP tool provides more details 

regarding the mutation. Therefore, we merged the VEP output and BISQUE output into one 

data frame for the analysis. The final dataset consists of protein position details, genomic 

position details, protein effect prediction scores and genomic and protein nomenclature of the 

mutation. 

In the designed workflow we integrated all relevant data for each mutation to predict the 

impact. We generated basic statistics graphs from the annotated dataset. We generated a data 

frame which has all isoforms affected by each genomic change as we consider isoform impact 

for the analysis. 

 

Figure 14 VEP vs. UNIPROT data annotation tool comparison 

UNIPROT API provides significant accurate results rather than Variant Effect predictor tool. Individual 

datasets were annotated and merged all mutation results to create full mutation dataset.  

 

4.2.2. Data analysis results 

4.2.2.1. Basic statistics of Mutation analysis 
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The following figure (Figure 15) shows the highly altered genomic positions in 15 cancer 

projects. The mutation Chr 2_208248388 C/T is the IDHI gene.  

 

Figure 15 Mutation genomic position graph 

Chromosome 2 is the highest mutated chromosome. The Chr 2_208248388 C/T position is belongs to IDH1 

gene which is a druggable target 

According to the literature, this mutation is clinically significant for central nervous system 

cancers and it is considered as a drug targetable position [69] [70]. This is a pathogenic 

variant according to the ClinVar prediction [71]. The second highest mutated position is from 

the TP53 gene. The TP53 gene is a very popular cancer-related gene which will be tested for 

every cancer. 

The following figure (Figure 16) shows the highly mutated first twenty genes altered in the 

projects. IDH1 is the highest mutated gene (711 mutations and 4.26% from total mutated 

genes). TP53 cancer gene is the second-highest (490 and 2.96% from total mutated genes) 

mutated gene. TTN like probable oncogenes also mutated in higher frequency (208 and 1.6% 

from total mutated genes) in the dataset. Furthermore, all the genes in the graph are associated 

with cancers.  

 

Figure 16 Highly mutated genes in the mutation dataset 
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IDH1 (711) and TP53 (490) are highly mutated genes and 1st 20 mutated genes are oncogenes. 4.73 

mutations per gene 

 

There are 16,698 genes are altered in the dataset. There are 78941 mutations in the dataset. 

Supposedly on average, there are only 4.73 mutations per gene. From the following graph and 

mutated percentages, we can understand the mutation diversity in HNS cancers.  

Due to the above mentioned high diversity, it is complex to test genes for cancers for general 

purpose. With the basic statistics at the genome level, we have understood the complexity of 

the problem. We have further investigated the isofomal impact, protein level changes and 

Reactome level impact. 

Annotated protein position frequencies (Highest 10) are shown in the following figure (Figure 

17). IDH1 protein isoforms are highly mutated. The mutation occurs in the active site of the 

IDH1 protein. It is a single amino acid alteration. However, it results in a loss of the protein 

(enzyme) function (catalyze the conversion of isocitrate to alpha-ketoglutarate). Though, 

single copy alteration may not interrupt the function since other non-mutated copy will 

perform the required task [72]. Furthermore, another research result shows that patients who 

have IDH1 mutations may have a better outcome than the wild-type [70]. 

TP53 is the second-highest altered gene (protein). The graph shows the mutated proteins with 

their isoforms and mutated positions (Figure 17). We have colour-coded them based on 

different proteins. IDH1 protein and TP53 protein isoforms are the most frequently mutated 

proteins. Based on the isoform length and starting position, different isoforms were altered for 

the same genomic alteration. 

 

Figure 17 Protein isoforms of mutated genes in all merged dataset.  

Isoforms are colour coded. IDH1 (639) and TP53 (96) protein isoforms were identified. Two protein 

positions from TP53 were equally mutated. 

  

We mapped the mutated proteins with respective Reactome pathways (Figure 18). Proteins 

which contribute to biological sequential processes are named Reactome pathways. A signal 
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transduction pathway is the highest mutated pathways in the study dataset. However, these 

pathways are at a high level. Due to the above reason information which can be gathering 

from Reactome pathways is less. However, this data will provide an idea about each mutation 

impact on biological processes in the cancer cells. According to the results, 10,112 mutations 

are mutated the signal transduction pathway. Signal transduction is the higher level pathways 

which have several sub pathways for the cell to cell communication. 

 

Figure 18 Reactome pathways associated with mutated genes. 

Signal transduction is highest mutated pathway in the dataset. Higher level pathways such as Immune 

system and metabolism of Proteins pathway were identified as the main mutated pathways in the dataset 

. 

The proteins made up of amino acids. There are twenty amino acids in nature. If the protein 

level mutation is changing the amino acid attribute, it will alter the protein 3D structures and 

functions of the protein. Protein change may lead to loss of function or gain a new function of 

partially destroyed the function. We analyzed the amino acid changes in the full dataset. We 

have considered all the missense mutations in the dataset which will alter the proteins.  
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Figure 19 Amino Acid mutation frequency in the protein position changes 

Arginine R> Histidine H change (12%) is the highest alteration possibilities and both residues are 

electrically charged (positive and hydrophilic) 

 

The above figure (Figure 19) shows the amino acid changes distribution. According to the 

results, Arginine R> Histidine H change (12%) is the highest alteration possibility. This is a 

cancer signature which is commonly identified in many cancer types[73]. Both residues are 

electrically charged (positive and hydrophilic). However, the second-highest alteration is 

changing its attribute due to the mutation. Alanine (A) > Threonine (T) (8%) mutation will 

change the protein position from nonpolar (hydrophobic) to polar (hydrophilic). These 

mutations have a high chance to change the structure and features of the protein. Furthermore, 

mutation Arginine (R) > Cysteine (C) (8%) alteration also changes its' attributes in positively 

charged to no charge and polar to non-polar. However, Alanine (A) > Valine (V) (8%) 

alteration changes do not change the residue attributes.  

We drew the wild type residue percentage distribution. The following figure (Figure 20) 

shows the amino acid biases related to mutations. Among the original residues, Arginine has 

the highest relative mutability (36%). According to the literature, there is a cancer-related bias 

in Arginine mutations [73][74]. Arginine is a positively charged residue with guanidinium 

group and forms multiple hydrogen bonds to backbone carbonyl oxygens. Due to hydrogen 

bonds, it helps to create the structure of the protein [75].  
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Figure 20 Amino Acid biases in mutation in the protein position alterations 

Arginine has the highest relative mutability (36%) and has a positively charged guanidino group 

 

The above information is the information captured from the basic statistics of mutation 

analysis. We performed the above analysis to understand the mutation datasets. However, 

highly mutated genes were not extracted directly as gene combinations since they may not 

represent biological relatedness to each other. Mutation frequencies were integrated into the 

subsequent methodologies. The following sections in the mutational analysis will explain the 

results of mutational signatures extraction from different methods. 

 

4.2.2.2. Mutation clustering 

Matrix for the mutations is 16,698 genes into 2234 patients. However, this matrix is highly 

diverse. We have tried to generate heatmaps to visualize data as hierarchical clusters. The 

following graph shows the patient (samples) clusters and gene clusters as a Heatmap.  
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Figure 21 Heatmap for mutational clustering:  

Highly mutated genes top right which represents the long tail effect on cancer mutations. Mutation 

position clusters are not clear. 

Above figure (Figure 21) shows mutated genes in red colour and un-mutated genes in blue. 

Top right has a highly mutated genes and patients group. However, there mutation correlation 

could not be validated with association rules or biological evidences. There were no clear and 

biologically explainable clusters. Since the clustering approach is not appropriate for gene 

combination extraction we have eliminated the method. 

4.2.2.3. Mutation association rules analysis 

We analyzed mutational level, gene level and protein level association rules from the dataset 

we filtered. At the mutational level, the diversity of genomic position is high. According to 

the results, there is no significant similarity among patients based on the genomic level. Thus, 

there are no association rules in the genomic mutation level. There are different isoforms for a 

single protein. Due to that reason, there are redundancies at the protein level. We have 

considered the gene-level association rules to generate gene combination as signatures. 

Table 5 Association rules results 

No. The left-hand side of the rule RHS Support Confidence Lift  Count 

1 ATRX,TP53  IDH1 0.060 0.950 2.610 109 

2 SMARCA4, TP53 IDH1 0.010 0.920 2.550 24 

3 CIC IDH1 0.050 0.911 2.520 95 

4 FUBP1 IDH1 0.010 0.911 2.520 21 

5 APOB,TP53 IDH1 0.010 0.910 2.510 20 

6 ATRX IDH1 0.070 0.880 2.430 128 

7 ATRX,IDH1 TP53 0.060 0.850 3.410 109 
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8 NOTCH1 IDH1 0.020 0.840 2.310 36 

9 ATRX, TTN IDH1 0.010 0.830 2.300 20 

10 TP53 IDH1 0.200 0.800 2.200 390 

11 ATRX TP53 0.060 0.790 3.200 115 

12 ARID1A IDH1 0.010 0.770 2.140 24 

13 SMARCA4 IDH1 0.020 0.730 2.010 40 

14 MUC16, TP53 IDH1 0.020 0.730 2.010 32 

15 APOB,IDH1 TP53 0.010 0.710 2.860 20 

16 TP53, TTN IDH1 0.020 0.660 1.810 46 

17 APOB IDH1 0.010 0.640 1.760 28 

18 IDH1, MUC16 TP53 0.020 0.630 2.510 32 

19 IDH1,TTN TP53 0.020 0.610 2.450 46 

20 IDH1, SMARCA4 TP53 0.010 0.600 2.400 24 

21 IDH1 TP53 0.200 0.550 2.200 390 

22 LRP2 TP53 0.010 0.510 2.050 23 

23 APOB TP53 0.010 0.500 2.000 22 

 

The above table (Table 5) shows the results of association rules and their confidence level. 

According to the results, the highest confident rules is ATRX, TP53> IDH1. If there are 

mutations in ATRX and TP53 genes in a patient's cancer there is a 94.78% confidence that 

IDH1 also mutated in the patient cancer cells. Confidence is an indication of how often the 

rule is true in the mutated gene set. However, Support for this is 5.56% which is low. Support 

is an indication of how frequently the gene set appears in the dataset. According to the results, 

even though confidence is high those rules are not frequently appeared in HNS cancers. Since 

cancers are having diverse molecular profiles we considered the following rules (Confidence 

>50%) as gene combinations for HNS cancers. 

However, many gene combinations have the IDH1 gene. Since IDH1 has altered in many 

patients it may come as a rule. However, this bias needs to be further validated with the web-

lab procedure to prove the gene combinations will be altered as a pattern or it is a coincidence 

in mutations. 

In the above mentioned 23 rules, there are repetitive gene sets. We have eliminated the 

redundancy. Furthermore, there is a gene combination which has only two genes. These gene 

sets add less knowledge to HNS cancer types. Due to the above reason, we considered rules 

which have at least three genes. The following five rules were filtered out of 23 rules and 

validated with biological evidence. These genes are related to each other in biological 

interactions. 

¶ ATRX, TP53, IDH1  
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¶ SMARCA4, TP53, IDH1  

¶ APOB, TP53, IDH1  

¶ ATRX, TTN, IDH1  

¶ MUC16, TP53, IDH1 

4.2.2.4. Gene network analysis 

Clustering and Association rules methods have not produced adequate results for gene 

combination development. Therefore, we have considered the Network analysis method for 

gene combination identification. There are much research has performed with Network 

analysis for biological problems [76][77]. In network analysis, it uses the statistical 

parameters and biological evidence to extract groups. 

Thus, to identify biologically related clusters, we have considered network analysis methods 

in our research. Before the analysis, we have removed the self-loops and duplicate edges in 

the human interactome to remove the redundancy of the network. The human interactome is a 

proteins protein interaction network build for human. Each interaction is proved by biological 

or computational experiment. Mutation gene networks were generated from the mutated genes 

and their 1st neighbours. Since mutation will impact on function and also for the nearest 

neighbour, we consider both gene categories[78].  

We have extracted the above-mentioned genes from the human interactome and generated six 

networks mentioned below (Table 6). We tried to divide mutation data into two major 

segments as the Central Nervous System (CNS) cancers and Peripheral nervous system (PNS) 

cancers. Since we are trying to generate signature HNS common genes we merged all 

mutation and generated CNS_PNS_union network. To understand the intersection of gene 

combination, we have created the CNS_PNS_Intersect network. Moreover, we have extracted 

genes which are unique to the CNS and unique to the PNS cancers. These networks will help 

to understand gene distribution in the two major parts of the HNS cancers. The following 

table (Table 6) shows the network parameters of each network generated for mutation data 

analysis. 

CNS_PNS_union network has three subnetworks with 9668 genes/ proteins and 241218 

interactions. These individual interactions represent a literature publication. There are 4139 

proteins common to both cancer types. This explains that HNS main two types have high 

similarity. When considering the unique proteins for CNS and PNS cancers the network 

clustering co-efficient got reduced compared to the union of the networks. CNS and PNS have 

400 and 477 isolated components respectively. Since they both have common proteins (4139) 

the isolated components get higher in the unique CSN and PNS networks. 
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Table 6 Mutation networks for a signature building 

Network Components Clustering coefficient No. nodes No of Edges Avg. no of 

neighbour 

nodes 

Isolated 

nodes 

Network 

heterogeneity 

Network 

centrality 

Network 

density 

1
CNS full 3 0.122 8534 224519 52.618 1 1.397 0.153 0.006 

2
PNS full 1 0.143 5273 143069 54.265 0 1.331 0.202 0.010 

3
CNS_peri union 3 0.124 9668 241218 49.900 1 1.481 0.144 0.005 

4
CNS_PNS_Intersect 1 0.150 4139 126370 61.063 0 1.196 0.224 0.015 

5
CNS unique 400 0.068 4395 18682 8.501 393 1.069 0.025 0.002 

6
PNS unique 477 0.032 1134 874 1.541 446 1.322 0.014 0.001 

                                                 

1
 Central nervous system mutations and their 1st neighbors network. 

2
 Peripheral nervous system mutations and their 1st neighbors network. 

3
 Union of central nervous system and peripheral nervous system mutations and their 1st neighbors networks. 

4
 Intersection of central nervous system and peripheral nervous system mutations and their 1st neighbors networks. 

5
 Unique proteins of central nervous system mutations and their 1st neighbors network. 

6
 Unique proteins of peripheral nervous system mutations and their 1st neighbors network. 
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(1) Filtered MCODE gene clusters 

From the above networks, we have generated the MCODE clusters. MCODE (Molecular 

Complex Detection) clustering is density-based clustering algorithms which discover protein 

networks by mining dense sub-graphs in an interactome. The algorithm has improvement over 

other graph clustering methods. It can be fine-tuned for clusters of interest without 

considering the rest of the interactome. This feature is critical in protein network analysis. 

MCODE initially weighted the nodes of the interactome based on local density. Secondly, it 

identifies gene networks which are highly connected based on the density threshold level. 

Finally, port processing is performed to identify overlapping networks. There were 59 

MOCDE clusters for the CNS_peri_union network. CNS_PNS_Intersection had 32 networks. 

CNS unique and PNS_unique had 64 and 16 networks respectively. We have eliminated the 

full CNS and PNS networks since they represented the other four networks. However, we 

have eliminated small PPIs (nodes less than 4) and score (Density*Nodes) [79] less than 

10.00 clusters. Since four gene combinations are providing less information related to the 

whole network we have ignored them for signature generation. Since we were considering the 

complete graphs separately in the later section, we eliminate the less scored and fewer node 

networks. Furthermore, according to the literature based on the biological objective score 

threshold can be adjusted and the higher the score the network will be significant[80].  

Table 7 Mutation MCODE clusters 

Network Genes Edges Score 

CNS_PNS_union_MCODE1 102 2361 46.750 

CNS_PNS_union_MCODE2 32 275 17.740 

CNS_PNS_union_MCODE3 36 280 16.000 

CNS_PNS_union_MCODE4 114 815 14.430 

CNS_PNS_union_MCODE5 68 440 13.130 

CNS_PNS_Intersect_MCODE1 54 1281 48.340 

CNS_PNS_Intersect_MCODE2 49 468 19.500 

CNS_PNS_Intersect_MCODE3 35 278 16.360 

CNS_PNS_Intersect_MCODE4 113 715 12.770 

CNS_PNS_Intersect_MCODE5 213 1271 11.990 

CNS_PNS_Intersect_MCODE6 62 361 11.840 

CNS_Unique_MCODE1 30 411 28.350 

CNS_Unique_MCODE2 29 168 12.000 

 

Based on the above-mentioned benchmarks above networks were extracted. There are no 

overlapping proteins between clusters. The above table (Table 7) shows the filtered clusters 
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which used for further analysis. Edges in the table represent the biological evidence published 

related to PPI interactions. 

There are five gene networks/clusters for the CNS_PNS_union network. The highest score of 

the MCODE CNS_PNS_union is 46.752. CNS_PNS_Intersect network had six networks and 

two networks extracted from the CNS_unique network. However, there are no significant 

networks identified from the PNS_unique network. There are four large networks which have 

more than 100 nodes. There were 13 MCODE clusters extracted from the mutational gene 

networks. These networks were validated since; all interactions are proved by literature 

evidence. However, we have annotated mutation counts for each network to filter significant 

gene according to the HNS cancers. Each gene network was reviewed for knowledge 

extraction. The following figure (Figure 22) visualizes the Intersection MCODE cluster 1 

which is a significant cluster found from the analysis. 

 

Figure 22 Mutation Intersection M CODE cluster 1 

CNS_PNS_Intersect_MCODE1 (Figure 22) has 54 genes including oncogenes and gene 

family. This cluster is associated with the Ribosomal Protein family. These genes are related 

to brain cancer pathways [81]. Gene expression in RPL has patterns and it can be used to 

classify cancers since it varies according to tumour type and tissue type. Thus research results 

can be used as a clinical tool and therapeutic target. However, JUN (a proto-oncogene) and 

NCL (nucleolar protein) also included in the CNS_PNS_Intersect_MCODE1 cluster. They are 

also therapeutic targets for cancer progression.  
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(2) ClusterONE algorithm results 

ClusterONE was used for extracting overlapping regions in the main four networks (Union, 

Intersection, CNS unique and PNS unique). Cluster ONE attempts to find densely connected 

and possibly overlapping nodes (proteins) of the interactome. Cluster ONE tries to find gene 

clusters of high cohesiveness. This algorithm is using adopting a greedy strategy.  

There were 897, 530, 324, 45 ClusterONE sub-networks for CNS_PNS_union, 

CNS_PNS_intersection, CNS_unique and PNS_unique networks respectively. According to 

the literature P-value, less than 0.05 is considered as significant networks. P-value between 

0.05 and 0.1 networks are moderately significant clusters and P-value higher than 0.1 clusters 

are not significant [82].  

Table 8 Mutation ClusterOne results 

Network  Netowk_ID  

No. of 

Nodes   Density  

Internal 

weight  

External 

weight  P-value  

CNS_PNS Union  CO_CP_union_01  56 0.710 1087 1845 0.005
 

CNS_PNS Intersect  CO_CP_intersect  NA 

CNS unique  

   

CO_C_unique_01  38 0.710 501 201 0.000 

CO_C_unique_02  23 0.600 153 189 0.000
 

CO_C_unique_03  13 0.600 47 37 0.008 

CO_C_unique_04  15 0.610 65 86 0.001 

CO_C_unique_05  6 0.730 11 9 0.001 

CO_C_unique_06  15 0.610 64 103 0.002 

CO_C_unique_07  9 0.640 23 37 0.064 

CO_C_unique_08  5 0.800 8 12 0.073 

CO_C_unique_09  11 0.620 34 70 0.086 

PNS unique  

 

CO_P_unique_01  6 0.600 9 3 0.004 

CO_P_unique_02  6 0.600 9 6 0.008 

CO_P_unique_03  5 0.600 6 2 0.015 

CO_P_unique_04  5 0.600 6 3 0.020 

CO_P_unique_05  6 0.670 10 11 0.050 

 

There were 15 significant and moderately significant clusters in the ClusterOne results (Table 

8). There is a significant cluster in the union network with 56 nodes. There are no clusters 

identified from the CNS_PNS_Intersect network. There are nine clusters identified from CNS 

unique network (six significant clusters and three moderately significant clusters) and PNS 

unique has five significant networks. These network proteins are overlapping with the results 

obtained from MCODE clusters. However, we have merged the results from both algorithms 

in the next steps in the analysis. Since the protein networks we have obtained from algorithms 

need to be associated with the cancer progression, we have further analyzed each network and 

investigate the biological significance of the networks related to cancers (Figure 23). 
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Figure 23 CO_CP_union_01 

Oncogenes were included for the network such as NF1, CBY1, TP53, PTEN these genes are associating 

with Wnt signaling pathway 

  

There are several oncogenes such as TP53, PTEN, and NF1 in networks obtained from the 

ClusterOne algorithm. According to figure 23, CO_CP_union_01 is having NF1 and CBY1 

genes. CBY1 gene is associated with cell adhesion in Wnt signaling pathway [83]. There is a 

disease associated interaction between NF1 and CBY1 gene based on the literature evidence 

published in the BioGrid database [84].  

(3) M-clique algorithm results 

We have extracted complete graphs unique to the CNS mutation full network and PNS 

mutation full network separately. M-Clique algorithm is trying to get cliques (subsets of 

protein PPIs, all adjacent to each other, by making complete sub-networks) in an interactome. 

A clique is a subset of proteins in an interactome in which every protein is connected with 

every other protein of the subset. A maximal clique cannot extend by adding another protein 

to the PPI network. The following graph (Figure 24) shows the distribution of the complete 

graph. According to the graph, three gene combinations are significantly high. However, their 

combinations are not considered as signatures since the gene count is not sufficient to 

interpret the results. Furthermore, in future work, these cliques need to be further investigated 
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for information mining. We have eliminated protein complexes that have nodes less than five 

(Genes>=5). The following table (Table 9) shows the CNS unique complete graphs (Full list: 

Appendix 1) and PNS unique complete graphs (Full list: Appendix 2) counts. 

 

Figure 24 Complete graphs vs. gene count in mutations 

Three protein groups are the highest frequent protein complex in both CNS and PNS projects. However, 

five more protein node complexes were used for signature creation  

  

There are no complete graphs identified from the Peripheral network which has more than 

four genes. These complete graphs need to be further analyzed to understand biological 

meaning. Since there are more than 238 graphs we have not considered them individually due 

to the time constraint. We included them in the visualization panel to provide more insight 

into the HNS comprehensive map. However, these complete graphs results can be used for 

further investigation in HNS cancer PPI network analysis as future work. These complete 

graphs proteins are repeated in the other outcomes obtained from MCODE and ClusterOne 

algorithms. Each complete graph is a protein combination of physically interacted proteins. 

Table 9 Complete graphs extracted from mutation data 

Networks  No. of M-cliques Filtered No. of M-cliques   

CNS unique  
3228 238 

PNS unique  
44 0 

 

The following figure (Figure 25) visualizes the circular gene network of the CNS unique 

complete graph. There are 25 proteins associated with the network. It involves GTPase-

activating protein highly expressed in the placenta. The encoded protein is involved in 
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cytoskeletal remodelling and trophoblast cell migration. Network proteins are highly 

correlated with each other. 

 

Figure 25 CNS unique M-clique 

Cell migration proteins involved in the cluster suspected for metastasis. 25 Proteins were involved in the 

protein cluster. Each protein has an interaction to all other proteins. 

  

(4) Other algorithms 

Markov Cluster Algorithm (MCL) could not generate the  biologically interpretable results as 

due to time complexity Moreover, it uses hard clustering and leading to significant amount of 

protein overlap of biological functional modules. 

PageRank (PR) is an algorithm could not generate results due to indexing errors in protein 

weight allocation. Protein interacts itself and isoform effect could not handle by Page ranking 

algorithm. Therefore biological networks could not be analyzed by the algorithm. 

Fast Agglomerate Algorithm (FAG-EC) algorithms merge observations before it reaches to 

optimum level of degree in the network. Best Hub genes could not be extracted due to above 

reason.  

Due to the time limitation, research performed by using MCODE, ClusterONE, and M-clique 

algorithms only. However, according to the literature MCODE and ClusterOne algorithms are 

performing better in biological networks. Future work needs to be done to evaluate network 

analysis algorithm performance with cancer interactome. 

4.2.2.5. Hub genes and critical genes identification for gene 

signatures 

In the biological context, genes may have different functions in different biological pathways. 

Hub genes are significant genes in the network. There are many attributes considered to find 

hub genes. The clustering coefficient, degree, and betweenness are some of the main 
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attributes used in biological network analysis. Some genes do not make protein complexes but 

involving different core functions in different biological pathways. Those genes may have 

fewer degrees but they will have a high betweenness. 

Hub genes are defined as genes with high correlation in candidate modules. High connectivity 

means that the connectivity ranked in the top 10%. [85]. According to the definition 

mentioned above, we have identified the hub genes and highly clustered genes as gene 

signatures. Significant genes will be considered as signature genes. To filter significant genes, 

we have considered two aspects 

¶ Is the gene having a high correlation to the network?  

¶ Is the gene mutated in the HNS cancers? 

For signature development, we have merged all MCODE and ClusterOne networks into a 

single network and generate a Union network. Intersection MCODE and ClusterOne networks 

merged and generate an Intersect network. CNS unique and PNS unique networks generate by 

combining their respective MCODE and ClusterOne network results. The following table 

(Table 10) shows the network parameters of each network. When combining networks some 

genes were overlapping. There were no overlapping networks in every network as 

components. There were no isolated nodes in any network. All networks are having a 

clustering coefficient of more than 0.5. The clustering coefficient measures the closeness of 

the nodes. It determines whether a network is a small-world network. Higher the clustering 

coefficient network's genes are highly interconnected. The average numbers of neighbours are 

more than 10 in every network other than the PNS_unique network. 

Table 10 Mutation networks for signature genes identification 

Network CNS_PNS_Union CNS_PNS_Intersect CNS Unique PNS Unique 

Components 5 6 9 5 

Clustering coefficient 0.702 0.486 0.748 0.692 

No. of nodes 364 526 149 28 

No of Edges 4375 4374 999 40 

Avg. no of neighbour nodes 24.038 16.631 13.409 2.857 

Isolated nodes NA 

Network heterogeneity 0.693 0.790 0.725 0.426 

Network centrality 0.100 0.089 0.162 0.085 

Network density 0.066 0.032 0.091 0.106 

 

Based on the above networks, we have ranked genes based on their local and global 

parameters. We have considered the degree (number of nodes connected to the node we are 

interested in) and betweenness (measured with the number of shortest paths between any 
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couple of nodes in the graphs that pass through the gene we are interested in) for each node to 

rank the genes.  

Furthermore, we have used the cytohubba tool Maximal Clique Centrality (MCC) (calculate 

the centrality of the node with the cliques) method to rank genes in the networks. 

The following figure (Figure 26) shows the results from Maximal Clique Centrality (MCC) 

method to the Union network 1st 10% genes. Even though the network is ranked based on 

network parameters biological significant genes such as PTPN13 were get a lower rank in the 

network (blue colour). Genes such as NF1 (3rd highest mutated gene in the network) and 

PTPN13 (2nd highest mutated gene in the network - 48 mutations) are highly mutated in the 

Human Nervous System cancers. 

 

Figure 26 cytohubba PTPN13 ignored (48 mutations) 2nd highest mutated genes 

NF1 gene and JUN oncogenes are not considered as hub genes. CBY1 oncogene was detected as a hub 

gene 

 

To overcome the above issue, we have sorted genes based on three parameters. Initially, genes 

sorted on mutation count to capture important genes in HNS cancers. Secondly, to extract 

highly connected nodes, we have filtered based on the clustering coefficient of the nodes. 

Finally, we have sorted the genes based on betweenness to capture the hub genes in the 

network. Hub genes are the genes that connect sub-networks. Hub genes may not have a high 

degree but their neighbours are maybe in protein complexes.  

After sorting the list we have extracted 1st 10% from the gene list of each network. We have 

considered the 10% since most of the highly mutated genes appeared in the 1st 10% gene set. 

Moreover, gene alterations have highly diverse so the frequency of mutation from genes was 

low in the tail of the gene list. Since we are generating commonly mutated gene signatures 
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rare mutation occurrences were ignored. However, this study needs to be updated with the 

mutation data improvement in the future. 

4.2.2.6. Mutation gene signature creation  

We have generated four gene signatures for mutation network analysis. Union signature has 

all genes which are common to the Central Nervous system (CNS) and Peripheral Nervous 

System (PNS) cancers.  Each signature was validated separately and it will be discussed in the 

following section (Signature validation). These signatures (Table 11) were used to 

recommend the gene panels for HNS cancer predictions. 

Table 11 Mutatio n signature table 

Signature Genes 

Mutation_union_signature 

TP53, NF1, PTEN, PTPN13, FBXW7, MLLT4, GIGYF2, MED12, 

HDAC4, CUL4B, FN1, PHLDB2, TIAM1, LIMA1, CHD3, MED23, 

ILF3, STARD13, CCDC132, NOS2, SIPA1L1, NAV1, ZNF638, 

ZBTB21, CYLD, VCAM1, PAN2, HNRNPL, CUL2, KDM1A, 

PTPN14, MLK4, CEP250, HNRNPR, FGD6, CAMSAP2, AGAP1 

Mutation_intersect_signature 

TP53, NF1, PIK3R1, PTEN, ARID1A, AMBRA1, FLNA, FBXW7, 

MLLT4, PCBP2, HERC2, GIGYF2, MED12, HDAC4, EP400, CUL4B, 

FN1, DHX30, SRRM2, KDM5B, SPTAN1, PRPF8, CHD3, MED23, 

IDH2, GAK, DAB2, ILF3, PUF60, CCT7, UPF1, NOS2, RRP12, 

NFKB1, CHD5, ZNF638, BRD8, CYLD, IGF2BP1, PAN2, VCAM1, 

HNRNPL, CUL2, SF3B1, PABPC4, CEP250, ZNF207, HNRNPR, 

SNRNP200, MYH9, PTPN14 

CNS_unique_signature 

PTPN13, TNRC6A, NRXN1, PHLDB2, CCDC132, TIAM1, 

STARD13, NAV1, ZBTB21, SIPA1L1, MLK4, TNRC6B, TTC26, 

CAMSAP2, AGAP1 

PNS_unique_signature VPS4A, SULT1C2, MRPS35 

 

4.2.3. Data validation results 

4.2.3.1. Mutation clustering results validation 

We have considered the three segments of mutation data in clustering (Genomic position, 

gene, and protein). We have used several K- prediction methods to predict the number of 

clusters, however, the results were inconclusive to generate clusters since K=2. We have 

generated the gene hierarchical clusters. Clusters were insignificant due to two reasons. Data 

have highly diverged which led to generating inconclusive clusters. Secondly, gene clusters 

are not biologically important since they were exclusive from biological reasoning. Gene 

clustered based on mutation occurrence and not with the biological relatedness. Random 
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mutations became noise to these clusters. There were no proper methodologies to filter the 

gene mutations which are correlated with the HNS cancers. Due to the above reasons, there 

were no significant clusters to validate in mutation clustering. 

4.2.3.2. Mutation association rules validation 

After generating the association rules we have validated the results with biological evidence. 

We have validated each association's rules by using PSICQUIC [65] which has a combination 

of protein-protein and gene interactions. Figure 27 shown below is the output of SMARCA4, 

TP53> IDH1 association rules. According to the results, there is a direct association between 

TP53 and SMARCA4 however, there is no biological evidence shown to prove between 

SMARCA4 and IDH1 or TP53 and IDH1. Furthermore, most of the association rules could 

not be validated via this method since all genes in a particular rule will not interact directly. 

However, in three gene combinations, at least two genes interact directly. 

 

Figure 27 PSICQUIC literature evidence output for association rule SMARCA4, TP53> IDH1 

Confidence score expressed with Mentha-score, BioGrid does not provide interaction confidence 

 

As the next step, we consider the 1st neighbour linkage for the gene combination. We 

considered the human protein interactome as a network and calculated the shortest paths for 

each gene combinations. According to the results, many links between two genes maybe not 

direct interaction with each other. However, they have 1st neighbour interactions. The figure 

(Figure 28) shown below is the GENEMANIA network visualization for ATRX, TTN> IDH1 

association rule. According to the results shown here, IDH1 is having interaction with ATRX 

and TTN through IDH2 and VIM. However, these interactions should be further investigated 

since they should be in the same pathway of share common attributed in the co-expression 

level. 
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Figure 28 Association rule ATRX, TTN> IDH1  

Interactions between three genes are visualization with GENEMANIA tool . VIM gene is the intermediate 

gene which builds the link for the rule 

  

Finally, we considered the Reactome pathways to track the relationship between genes. We 

visualize the association rules based on Reactome pathways that they share and the hierarchy 

of the common Reactome pathway. According to the results, many association rules have 

common Reactome at the higher level, however, all the genes in an association rule genes do 

not work under one lower-level Reactome pathway (Figure 29).  

 

Figure 29 Association rule SMARCA4, TP53> IDH1 visualization with Reactome pathway interactions 

Genes shortest pathways length between each other is 2 

 

We have omitted the two gene combinations since they have a lower impact than a three-gene 

combination. Moreover, some association rules gene combinations are repetitive if all genes 

are considered as a single group. (Eg: SMARCA4, TP53> IDH1 and SMARCA4, IDH1> 

TP53) These combinations are validated as a single case. Following association rules were 
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(Table 12) considered as separate signatures for HNS mutation data. These rules need to be 

further validated with a large dataset or with a biological experiment. 

Table 12 Validated Association rules 

No.  Left hand side of the rule  rhs  Support  Confidence  Lift  Count  

1 ATRX, TP53  IDH1 0.056 0.947 2.614 109 

2 SMARCA4, TP53 IDH1 0.014 0.923 2.546 24 

3 APOB, TP53 IDH1 0.010 0.910 2.507 20 

4 ATRX, TTN IDH1 0.010 0.830 2.300 20 

5 MUC16, TP53 IDH1 0.016 0.730 2.005 32 

 

4.2.3.3. Mutation gene networks validation 

We have generated gene networks from three algorithms and filtered them based on their 

quality and gene count. These gene networks were validated with biological reasoning by 

using Reactome pathways. The following figures and tables show the biological pathways of 

each network.   

(1) Mutation union gene network 

Union gene network represents the gene clusters from all mutated genes and their 1st 

neighbours' interactions in the biological context. We named it and union signature since 

these genes represent at least one type of cancer in the human nervous system. The following 

graph shows the pathways mutated from the union gene network. These genes present in all 

types of pathways in common. Sub pathways involved in signal transduction pathways are 

mutated higher than others. However, gene expression regulating pathways also mutated 

according to the results. Therefore we can conclude that these mutation impacts will represent 

gene expression levels also. According to the graph given below (Figure 30), the programmed 

cell death pathway and cell cycle pathway also mutated. However, this representation is 

visualized in the higher level of the Reactome pathways. It is important to study the detailed 

level of sub pathways in these high-level pathways.  

We have used the Reactome tool to retrieve the pathways and their respective p-values. We 

have considered FDR Ò 0.05 to obtain Reactome pathways. The False discovery rate (FDR) of 

the gene-set is providing the expected proportion of false discoveries in a given gene-set. 

There were 300 Reactome pathways involved in the Mutation union signature. The following 

table (Table 13) has the detailed level of the Reactome pathways mutated due to the dataset. It 

has the p-value of each Reactome pathway. The p-Value depicts the statistical significance of 
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each obtained Reactome pathway for a gene-set. Binomial Test is used for calculating the 

statistical significance of each pathway [86].  

 

Figure 30 Union signature in Reactome pathways 

 Image was created with reactome pathways tool by mapping for human interactome protein. Disease, 

Gene expression, Signal transduction, Cell cycle, Programmed cell death, Immune system pathways are 

affected due to the mutations 

  

The following table (Table 13) shows the genes involved in each pathway. We have filtered 

Reactome pathways which has less than two genes of our gene-set for Table 13. Genes such 

as TP53 involved in many pathways. Moreover, the TP53 gene is the 2nd highest mutated 

gene in the mutation dataset. It shows the significant involvement of TP53 in human nervous 

system cancers.  

Table 13 Union gene network mutated pathways 

Pathway name  P Value Gene 

Immune System 0.006 

HDAC4, VCAM1, NOS2, FBXW7, CUL2, FN1, 

PTEN, PTPN13, PTPN14, PAN2, CYLD, NF1, TP53 

Signal Transduction 0.060 

HDAC4, STARD13, KDM1A, FBXW7, FN1, PTEN, 

HNRNPR, CHD3, PAN2, TIAM1, CYLD, NF1, 

TP53 

Cytokine Signalling in the Immune system 0.001
 

VCAM1, NOS2, NF1, FN1, PTPN13, PTPN14, TP53 

Disease 0.120 

HDAC4, KDM1A, NOS2, FBXW7, FN1, NF1, 

PTEN, HNRNPR, CHD3, CAMSAP2 

Signalling by Interleukins 0.000 VCAM1, NOS2, FN1, PTPN13, PTPN14, TP53 

Generic Transcription Pathway 0.010 

HDAC4, MED23, MED12, FBXW7, PTEN, 

HNRNPR, CHD3, TP53 

RNA Polymerase II Transcription 0.020 

HDAC4, MED23, MED12, FBXW7, PTEN, 

HNRNPR, CHD3, TP53 

Gene expression (Transcription) 0.034 

HDAC4, MED23, MED12, FBXW7, PTEN, 

HNRNPR, CHD3, TP53 

Post-translational protein modification 0.125 

HDAC4, CYLD, FBXW7, CUL2, FN1, PTEN, 

CHD3, TP53, CUL4B 

Metabolism of proteins 0.504 

HDAC4, CYLD, FBXW7, CUL2, FN1, PTEN, 

CHD3, TP53, CUL4B 

Interleukin-4 and Interleukin-13 Signalling 0.000 VCAM1, NOS2, FN1, TP53 
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Diseases of signal transduction by growth 

factor receptors and second messengers 0.001 HDAC4, FBXW7, FN1, NF1, PTEN, CAMSAP2 

Transcriptional Regulation by TP53 0.002 PTEN, HNRNPR, CHD3, TP53 

PTEN Regulation 0.000 KDM1A, PTEN, CHD3, TP53 

PIP3 activates AKT signalling 0.001 KDM1A, PTEN, CHD3, TP53 

Intracellular signalling by second 

messengers 0.002 KDM1A, PTEN, CHD3, TP53 

Regulation of PTEN gene transcription 0.000 KDM1A, PTEN, CHD3, TP53 

Signalling by NOTCH 0.003 HDAC4, FBXW7, TP53 

Hemostasis 0.188 KDM1A, NOS2, FBXW7, FN1, TP53 

Developmental Biology 0.484 MED23, MED12, TIAM1, ZNF638, CUL2 

Infectious disease 0.636 KDM1A, NOS2, HNRNPR, CHD3 

Metabolism 0.100 MED23, MED12, FBXW7, PTEN, PTPN13 

Interleukin-37 Signalling 0.000 PTPN13, PTPN14 

NOTCH1 Intracellular Domain Regulates 

Transcription 0.000 HDAC4, FBXW7 

Signalling by NOTCH1 HD+PEST 

Domain Mutants in Cancer 0.000 HDAC4, FBXW7 

Constitutive Signalling by NOTCH1 

HD+PEST Domain Mutants 0.000 HDAC4, FBXW7 

Signalling by NOTCH1 PEST Domain 

Mutants in Cancer 0.000 HDAC4, FBXW7 

Constitutive Signalling by NOTCH1 PEST 

Domain Mutants 0.000 HDAC4, FBXW7 

Signalling by NOTCH1 in Cancer 0.000 HDAC4, FBXW7 

Signalling by NOTCH1 0.000 HDAC4, FBXW7 

TP53 Regulates Metabolic Genes 0.001 PTEN, TP53 

Interleukin-1 family Signalling 0.003 PTPN13, PTPN14 

Regulation of TP53 Activity 0.004 HNRNPR, CHD3, TP53 

Adaptive Immune System 0.507 VCAM1, FBXW7, CUL2, PTEN 

Innate Immune System 0.731 HDAC4, PAN2, CYLD, NOS2 

Metabolism of lipids 0.792 MED23, MED12, PTEN, PTPN13 

Transcriptional regulation of white 

adipocyte differentiation 0.007 MED23, MED12, ZNF638 

SUMO E3 ligases SUMOylate target 

proteins 0.03 HDAC4, CHD3, TP53 

SUMOylation 0.034 HDAC4, CHD3, TP53 

Ub-specific processing proteases 0.04 CYLD, PTEN, TP53 

Neddylation 0.06 FBXW7, CUL2, CUL4B 

Deubiquitination 0.09 CYLD, PTEN, TP53 

Signalling by Rho GTPases 0.237 TIAM1, STARD13, KDM1A 

Metabolism of RNA 0.552 HNRNPL, PAN2, HNRNPR 

Signaling by GPCR 0.923 TIAM1, FBXW7, HNRNPR 

 

After the gene analysis with Reactome pathways, we have mapped the genes and their disease 

association to understand the other types of diseases caused due to gene alterations we have 

found. We have used the Open targets[66] platform for the analysis. We have extracted all the 

disease associations for the geneset we have identified from the mutation union signature. The 

following figure (Figure 31) shows the bar chart of the first twenty diseases associated with 
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the geneset after filtering from the gene count (each disease may have different gene 

involvement). 

 

Figure 31 Gene disease relation with Open target 

Cancer or HNS pathways related disease were detected 

 

According to the above graph, cancer is the disease which has the highest number of genes 

associations from the geneset. Furthermore, most of the disease is related to cancers and 

central nervous system diseases. There is a term called "measurement" which explains the 

information entity that is a recording of the output of measurement such as produced by an 

instrument in Open target platform. With the above graph, the CNS_PNS_union signature can 

be used to detect HNS cancers. Furthermore, it can provide an overview of other diseases 

which can be appeared in a patient who has gene alterations in the geneset. 

(2) Mutation Intersection network 

Following Reactome visualization (Figure 32) shows the mutation intersection genes involved 

in the biological pathways. Reactome pathways in the mutation intersection network are 

similar to the mutation union network. However, less number of pathways are altered in the 

mutation intersection network compared to the mutation union network. 
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Figure 32 Mutation Intersection network Reactome visualization 

 Signal transduction, Disease and Immune system pathways were altered 

We have used the FDR Ò 0.05 to get the Reactome pathways involved in the gene-set. There 

are 488 Reactome pathways. However, the below table (Table 14) shows the Reactome 

pathways which have more than two genes in the Mutation intersection network gene-set. The 

immune system pathway is the highest genes count mutated according to the mutation results. 

Even though, Single transduction Reactome pathway is highly mutated its' p-value is 

comparatively higher than the rest. The following table (Table 14) shows the Reactome 

pathways which have more than two genes. There are 75 Reactome pathways filtered below 

with their respective genes. 

Table 14 Mutation Intersection Network Reactome pathways 

Pathway name P Value Submitted entities found 

Immune System 0.001 

HDAC4, VCAM1, NOS2, FBXW7, CUL2, FN1, PTEN, 

PIK3R1, PTPN14, NFKB1, PAN2, CYLD, HERC2, 

PCBP2, NF1, FLNA, MYH9, TP53, SPTAN1 

Signal Transduction 0.117 

HDAC4, FBXW7, FN1, PTEN, HNRNPR, PIK3R1, 

CHD3, NFKB1, PAN2, CYLD, IGF2BP1, NF1, MYH9, 

FLNA, TP53, SPTAN1 

Cytokine Signalling in the Immune 

system 0.000 

VCAM1, NOS2, NF1, FN1, FLNA, PIK3R1, PTPN14, 

TP53, SPTAN1, NFKB1 

Gene expression (Transcription) 0.012 

HDAC4, MED23, MED12, KDM5B, FBXW7, PTEN, 

HNRNPR, CHD3, ARID1A, TP53, SF3B1, NFKB1 

Generic Transcription Pathway 0.006 

HDAC4, MED23, MED12, KDM5B, FBXW7, PTEN, 

HNRNPR, CHD3, ARID1A, TP53, NFKB1 

RNA Polymerase II Transcription 0.012 

HDAC4, MED23, MED12, KDM5B, FBXW7, PTEN, 

HNRNPR, CHD3, ARID1A, TP53, NFKB1 

Disease 0.302 

HDAC4, NOS2, FBXW7, FN1, NF1, PTEN, MYH9, 

HNRNPR, PIK3R1, CHD3, NFKB1 

Signalling by Interleukins 0.000 VCAM1, NOS2, FN1, PIK3R1, PTPN14, TP53, NFKB1 

Metabolism of proteins 0.325 

HDAC4, FBXW7, CUL2, FN1, PTEN, CHD3, CYLD, 

HERC2, MYH9, CCT7, TP53, SPTAN1, CUL4B 

Post-translational protein modification 0.072 

HDAC4, CYLD, HERC2, FBXW7, CUL2, FN1, PTEN, 

MYH9, CHD3, TP53, SPTAN1, CUL4B 

Metabolism of RNA 0.001 

SRRM2, HNRNPL, PAN2, UPF1, PUF60, PCBP2, 

IGF2BP1, HNRNPR, SNRNP200, SF3B1, PRPF8 

Interleukin-4 and Interleukin-13 

Signalling 0.000 VCAM1, NOS2, FN1, PIK3R1, TP53 

Innate Immune System 0.179 HDAC4, PAN2, CYLD, NOS2, PCBP2, MYH9, PIK3R1, 
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SPTAN1, NFKB1 

mRNA Splicing - Major Pathway 0.000 

SRRM2, HNRNPL, PUF60, PCBP2, HNRNPR, 

SNRNP200, SF3B1, PRPF8 

mRNA Splicing 0.000 

SRRM2, HNRNPL, PUF60, PCBP2, HNRNPR, 

SNRNP200, SF3B1, PRPF8 

Processing of Capped Intron-

Containing Pre-mRNA 0.000 

SRRM2, HNRNPL, PUF60, PCBP2, HNRNPR, 

SNRNP200, SF3B1, PRPF8 

Diseases of signal transduction by 

growth factor receptors and second 

messengers 0.003 HDAC4, FBXW7, FN1, NF1, PTEN, PIK3R1 

Developmental Biology 0.237 

MED23, MED12, ZNF638, CUL2, MYH9, PIK3R1, 

SPTAN1, NFKB1 

Transcriptional Regulation by TP53 0.008 PTEN, HNRNPR, CHD3, TP53 

Adaptive Immune System 0.199 

VCAM1, HERC2, FBXW7, CUL2, PTEN, PIK3R1, 

NFKB1 

Metabolism 1.000 MED23, MED12, FBXW7, IDH2, PTEN, PIK3R1 

Chromatin organization 0.001 KDM5B, EP400, BRD8, CHD3, ARID1A, NFKB1 

Chromatin modifying enzymes 0.002 KDM5B, EP400, BRD8, CHD3, ARID1A, NFKB1 

PIP3 activates AKT Signalling 0.003 PTEN, PIK3R1, CHD3, TP53 

Intracellular Signalling by second 

messengers 0.008 PTEN, PIK3R1, CHD3, TP53 

Hemostasis 0.203 NOS2, FBXW7, FN1, FLNA, PIK3R1, TP53 

Infectious disease 0.710 NOS2, MYH9, HNRNPR, CHD3, NFKB1 

PTEN Regulation 0.001 PTEN, CHD3, TP53 

Signalling by NOTCH 0.007 HDAC4, FBXW7, TP53 

MAPK family Signalling cascades 0.043 IGF2BP1, FN1, NF1, PIK3R1, SPTAN1 

NOTCH1 Intracellular Domain 

Regulates Transcription 0.000 HDAC4, FBXW7 

Signalling by NOTCH1 HD+PEST 

Domain Mutants in Cancer 0.000 HDAC4, FBXW7 

Constitutive Signalling by NOTCH1 

HD+PEST Domain Mutants 0.000 HDAC4, FBXW7 

Signalling by NOTCH1 PEST Domain 

Mutants in Cancer 0.000 HDAC4, FBXW7 

Constitutive Signalling by NOTCH1 

PEST Domain Mutants 0.000 HDAC4, FBXW7 

Signalling by NOTCH1 in Cancer 0.000 HDAC4, FBXW7 

Regulation of PTEN gene 

transcription 0.000 PTEN, CHD3, TP53 

Signalling by NOTCH1 0.001 HDAC4, FBXW7 

Transcriptional regulation of white 

adipocyte differentiation 0.002 MED23, MED12, ZNF638, NFKB1 

TP53 Regulates Metabolic Genes 0.003 PTEN, TP53 

Cell-Cell communication 0.004 FLNA, PIK3R1, SPTAN1, MLLT4 

Regulation of TP53 Activity 0.001 HNRNPR, CHD3, TP53 

SUMO E3 ligases SUMOylate target 

proteins 0.011 HDAC4, HERC2, CHD3, TP53 

SUMOylation 0.013 HDAC4, HERC2, CHD3, TP53 

Extracellular matrix organization 0.072 VCAM1, FN1, ZNF207, MYH9 

RAF/MAP kinase cascade 0.082 FN1, NF1, PIK3R1, SPTAN1 

MAPK1/MAPK3 Signalling 0.087 FN1, NF1, PIK3R1, SPTAN1 

FLT3 Signalling 0.101 FN1, NF1, PIK3R1, SPTAN1 

Axon guidance 0.304 CUL2, MYH9, PIK3R1, SPTAN1 

Nervous system development 0.343 CUL2, MYH9, PIK3R1, SPTAN1 
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Membrane Trafficking 0.400 GAK, DAB2, MYH9, SPTAN1 

Cellular responses to stress 0.428 CUL2, EP400, TP53, NFKB1 

Cellular responses to external stimuli 0.448 CUL2, EP400, TP53, NFKB1 

Vesicle-mediated transport 0.557 GAK, DAB2, MYH9, SPTAN1 

Metabolism of lipids 0.923 MED23, MED12, PTEN, PIK3R1 

Association of TriC/CCT with target 

proteins during biosynthesis 0.001 FBXW7, CCT7, TP53 

Transcriptional Regulation by VENTX 0.002 TP53, NFKB1 

mRNA Splicing - Minor Pathway 0.002 SNRNP200, SF3B1, PRPF8 

DDX58/IFIH1-mediated induction of 

interferon-alpha/beta 0.010 CYLD, PCBP2, NFKB1 

Chaperonin-mediated protein folding 0.010 FBXW7, CCT7, TP53 

Protein folding 0.014 FBXW7, CCT7, TP53 

Downstream TCR Signalling 0.022 PTEN, PIK3R1, NFKB1 

TCR Signalling 0.033 PTEN, PIK3R1, NFKB1 

Interleukin-1 family Signalling 0.044 PTPN14, NFKB1 

Cellular Senescence 0.070 EP400, TP53, NFKB1 

Ub-specific processing proteases 0.075 CYLD, PTEN, TP53 

Neddylation 0.107 FBXW7, CUL2, CUL4B 

Deubiquitination 0.158 CYLD, PTEN, TP53 

Platelet activation, Signalling, and 

aggregation 0.167 FN1, FLNA, PIK3R1 

Antigen processing: Ubiquitination & 

Proteasome degradation 0.189 HERC2, FBXW7, CUL2 

DNA Repair 0.255 HERC2, TP53, CUL4B 

Interferon Signalling 0.298 VCAM1, FLNA 

Class I MHC mediated antigen 

processing & presentation 0.381 HERC2, FBXW7, CUL2 

Cell Cycle 0.685 HERC2, CEP250, TP53 

Signalling by GPCR 0.978 FBXW7, HNRNPR, PIK3R1 

 

Similar to the CSN_PNS_union signature we have analyzed the disease association for 

CSN_PNS_intersect signature. The following graph (Figure 33) shows the first twenty disease 

associated with the CSN_PNS_intersect signature. 
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Figure 33 Disease association results for CNS_PNS_union_signature 

Cancer and neoplasm are highly associated with the geneset. 50 genes in the geneset associate with cancers 

 

Cancers, cell proliferation disorders and Neoplasm diseases are mainly altered in the 

signature. However, all disease is related to cancers and HNS diseases. Phenotype is not a 

disease according to the Open target platform. However, mutations in genes associated with 

phenotype may show the phenotypes related to the specific genotype. 

(3) CNS unique network validation 

The following figure (Figure 34) shows the visual representation of the CNS's unique 

network. It is generated from genes that are mutated only in brain cancer datasets and their 1st 

neighbours. Signal Transduction and Neuronal System Reactome pathways are highly 

mutated in the datasets. However, from the following graph, we only obtain high-level 

Reactome pathways. To understand the deeper level, the genes involved in each pathway, and 

their significance, we have analyzed the gene-set with the Reactome tool.  
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Figure 34 Unique CNS network Reactome visualization 

Cellular response for external stimulation and signal transduction pathways altered 

  

There were 79 Reactome pathways involved in the gene-set. Initially, we have extracted 

Reactome pathways that have more than two gene involvement. There was only one gene 

combination. Secondly, we have considered more than one gene combinations. The following 

table (Table 15) shows the Reactome pathways and their p-values. The SIPA1L1 gene (16 

mutations) and NRXN1 gene (39 mutations with two isoforms Q9ULB1 (30 mutations) and 

P58400 (9 mutations) genes are mutated in the nervous system Reactome pathways.  

Table 15 Brain Unique network Reactome pathways 

Pathway name P Value Submitted entities found 

Signal Transduction 0.582 TIAM1, STARD13, TNRC6A, TNRC6B 

Neurexins and neuroligins 0.000 SIPA1L1, NRXN1 

PPI at synapses 0.000 SIPA1L1, NRXN1 

Neuronal System 0.019 SIPA1L1, NRXN1 

 

We have performed disease association analysis with the CNS signature. The following figure 

(Figure 35) shows the results of 1st twenty diseases associated with the geneset. However, 

this geneset is different from the other signatures since it involves different types of diseases 

such as thoracic disease.  
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Figure 35 CNS signature disease association  

Nervous system disease, brain disorders and several other biological system related disease were detected. 

Genes related to visual system and eye diseases were altered. 

  

(4) PNS unique network validation 

The following figure (Figure 36) shows the visual representation of the peripheral nervous 

system's unique network. It is generated from genes that are mutated only in peripheral 

nervous system cancer datasets and their 1st neighbours. However, from the high-level 

representation, it is not clear about the Reactome pathways affected by peripheral nervous 

system cancer mutations. Therefore we have used the Reactome tool for further investigation. 

We received 28 Reactome pathways for the peripheral nervous system cancer datasets. 

 

Figure 36 PNS cancer unique network validation 

Cell cycle pathways is altered 

  

We have tried to extract three-gene combinations in peripheral nervous system cancer unique 

network Reactome pathways. However, there are no gene combinations other than two. The 

following table (Table 16) shows the results of two participant filtration. There are ten 
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pathways and their respective p-values. However, the genes counts were one even though 

their Reactome pathways participant counts were two. When we have further investigated the 

proteins involved in each pathway, it showed that two proteins involved in the pathways are 

encoded by the same gene. As an example, the SULT1C2 gene encodes O00338 and O75897 

proteins which participate in the Cytosolic sulfonation of small molecules pathway. O00338 

and O75897 two proteins encoded chr2-108293668-108308461 and chr2-108378338-

108387429 genome location respectively. Their protein sequence identity is 64%. Since they 

have low protein sequence identity and transcripted by different transcripts, they are not 

isoforms even though they are encoded by the same gene. SULT1C2 gene is involved in the 

biological oxidation pathway and the MRPS35 gene involved in mitochondrial translation. 

Table 16 Peripheral nervous system cancer unique network Reactome pathways 

Pathway name P Value Genes 

Cytosolic sulfonation of small molecules 0.000 SULT1C2 

Mitochondrial translation termination 0.000 MRPS35 

Mitochondrial translation initiation 0.001 MRPS35 

Mitochondrial translation elongation 0.000 MRPS35 

Mitochondrial translation 0.001 MRPS35 

Phase II - Conjugation of compounds 0.001 SULT1C2 

Biological oxidations 0.004 SULT1C2 

Translation 0.006 MRPS35 

Metabolism of proteins 0.215 MRPS35 

Metabolism 0.238 SULT1C2 

The following graph (Figure 37) explains the disease association in PNS signature. It has a 

Bone disease association. It also represents peripheral nervous system related disease such as 

musculoskeletal disorders. 

 

Figure 37 PNS signature disease association 

Skeleton and bone related diseases and other biological system disorders also detected 

(5) Validation with cancer gene census 
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The gene signatures we have extracted from the networks needed to be validated with cancer-

related evidence. We have used the cancer gene census for the above validation. The Cancer 

Gene Census (CGC) is an ongoing effort to catalogue those genes which contain mutations 

that have been causally implicated in cancer and explain how dysfunction of these genes 

drives cancer [87]. According to the results we have found cancer-related genes in the 

mutation signatures. 

Mutation Union signature has 8 cancer genes. They are common to all type of cancers. The 

gene TP53, NF1, PTPN13, FBXW7, PTEN, MLLT4, CYLD and  MED12 are the genes in the 

Union signature. The mutation Intersection signature has 13 cancer-related genes. (TP53, 

NF1, FBXW7, PTEN, ARID1A, MLLT4, MYH9, PIK3R1, SF3B1, MED12, FLNA, CYLD 

and IDH2). Mutation Brain unique signature has only one cancer-related gene (PTPN13). 

However, out of three genes in Mutation Peripheral unique signature, there are no cancer-

related genes. There are many cancer-related suspected genes apart from the Cancer Gene 

Census gene list. Genes included in the CGC have strong evidence of cancer progression. 

After finding four signatures in the mutation analysis we have validated them with biological 

evidence as explained above. Furthermore, there are protein cliques (complete graphs) and 

association rules identified from the analysis. However, we have not included them in the 

signatures since most of them are already included in the signature development and they 

were treated as a different outcome for the research findings. In future, these protein 

complexes (complete graphs) should be further investigated with more mutation data in HNS 

cancers to find the causality. We have included all mutation results in the development of the 

HNS signature map which we will discuss in the following sections. 

4.2.4. Data visualization results 

4.2.4.1. Mutation information data-frame creation 

After the mutation analysis, we have created an information-rich dataset for mutation analysis 

in human nervous system cancers. The following figure (Figure 38) shows the data frame of 

the mutated positions in the dataset and their information.  However, accessing a particular 

mutation for a user who has little programming knowledge is difficult if the data-frame is 

saved as an R data frame. Thus, we have created a visualization panel for mutation details. 

We have visualized the results by using different methods such as sequence level, protein 

structure level, and drug details. We have visualized the mutations and their respective protein 

structures and topological properties by using the PDB database, UNIPROT API, and PDBe 

component library. From the panel, the user can get all the details annotated for the particular 

mutation we have included in the research.  

https://dcc.icgc.org/genes/ENSG00000163629
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Figure 38 Mutation dataframe: consist with Protein details, structure details and Genomic positions 

4.2.4.2. Mutation and Protein structure data visualization  

The following figure (Figure 39) shows the visualization panel created for the mutations 

captured in the dataset. In protein sequence and structure visualization, we have used the PDB 

Topology Viewer, Sequence feature View, PDB Residue Interactions, and LiteMol. LiteMol 

plugin will enable us to download the protein structure and add water molecular interaction 

visualization. PDB structures are rotatable. These features were added to make the process 

easy for oncologists and cancer researchers. 

 

Figure 39 Mutation visualization panel for illustrate mutations protein structures and topological 

evidences 

The panel can visualize the topological properties and 3d structure of the protein sequences. 

By adding visualization plugins, we try to improve the user-friendliness of the results output. 

Since protein structures are less identified compared to sequence data this function is only 

available for well-studied proteins. UNIPROT sequence visualization enables the user to 
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select the protein structure they prefer based on protein structure quality and protein mutation. 

If there are protein structures available for wild type and mutated protein researcher can 

visualize both proteins and compare the differences. By using this panel protein residue 

location can be identified. Mutated appeared in motifs and domains will be more pathogenic 

compared to the rest since they are in the binding sites.  

The following figure (Figure 40) shows the single mutation structure comparison performed 

in the research via this panel. We have studies highly mutated positions (C9J4N6 132 R>H 

and P04637 273 R>C) by using these components. We identified wild type protein structure 

and mutated protein structure. For further investigation, we used the RCSB PDB structure 

comparison for the following mutations. 

 

Figure 40 Mutation topological view in C9J4N6 132 H protein position of the helix structure 

In the above figure, we have compared the highest mutated protein and its wild type structure 

of the IDH1 gene (protein isoforms). The mutation occurred in the beta-sheet of the protein. 

Yellow colour highlighted areas in the above figure are the wild type and mutated type protein 

residue. According to Pfam, this mutation occurred in the DNA binding region. According to 

the structure comparison in the RCSB PDB tool, R>H mutation is structurally equivalent but 

not the same residue.  

In figure 41, TP53 protein mutation is shown. This mutation also appeared in the beta-sheet 

and also in the DNA binding site. However, according to the RCSB PDB structure 

comparison, this mutation is structurally equivalent even though, the residue is changed. Since 
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the residue is not similar the attributes of the protein residue will be altered. Due to the above 

reason, protein binding site function will be altered. 

 

Figure 41 TP53 mutation 3d visualization in isoform P04637 272 R/C mutation 

By using the visualization panel, a detail view of the mutation can be obtained. The panel is 

developed by using freely available third-party tools. However, to visualize the protein 

internet facility is required. We have not downloaded all the protein structural data since it 

needs high data storing facilities and frequent updates. 
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5. Gene expression data analysis 

The chapter explains the methodology and results of the gene expression data analysis (B) 

(Chapter 3: Figure 10). 

5.1. Methodology in gene expression data analysis 

Gene expression data pre-processing performed individually for the four datasets downloaded 

from the data source. Four datasets have a different number of genes and patients. Gene 

expression data are data matrixes.  

5.1.1. Gene expression data preprocessing 

5.1.1.1. Gene expression normalization 

Initially, null values were removed from the four datasets. Then we have scaled (1-0) the 

matrixes before analysis. We have normalized the data based on genes.  

5.1.1.2. Gene filtration 

Each data matrix Coefficient of Variation was calculated to identify the highly varied genes. 

We have filtered out genes which are varied less than 50%. The cutoff value of 50% was 

identified based on the elbow method. The above procedure helped to reduce the 

housekeeping gene impact of the matrixes (noise). After the data preprocessing we have 

created four gene expression normalized datasets based on genes which have co-efficient 

covariance of more than 50% per cent. 

5.1.2. Gene expression data analysis 

5.1.2.1. Pilot experiment 

Initially, we have used an external GBM dataset [88] to test the clustering methods efficiency 

by using different statistical methods. Secondly, we have tested the effectiveness of gene 

filtering by biological reasoning. We have performed patient clustering using hard (K-means, 

Affinity propagation, Partition Around Medoids (PAM clustering), hierarchical and soft 

(fanny, C-means, topic modelling) clustering methods. To predict the K value for hard 

clustering and soft clustering we have used the Elbow method, BIC method, AIC method, 

Gap statistic method and silhouette score methods. We have validated the clustering results 

with internal validation methods (FOM and silhouette score) and external validation (Jaccard 

score and Random Index) methods. We have used biological classification provided with the 

dataset for external validation. After analyzing the results most favourable clustering 
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strategies were concluded. We have experimented with full genes and COSMIC genes in the 

data matrix. Based on the results we have performed the analysis for four datasets.  

5.1.2.2. Gene expression clustering 

(1) Dimension reduction methods 

Initially, dimension reduction techniques were used to reduce the gene count. Principal 

component analysis and t-Distributed Stochastic Neighbor embedding (t-SNE) algorithm 

algorithms were used for dimension reduction. However, dimension reduction was no success 

and the reasons will be discussed in the discussion section. The R package was used for data 

purification and filtering. 

(2) Clustering approaches without K-prediction 

We have performed hierarchical clustering and DBSCAN for the datasets. The HClust 

package was used to test the Hierarchical clustering. DBSCAN R library was used for the 

DBSCAN method. 

(3) K-prediction for clustering 

Elbow method, Bayesian information criterion (BIC)[89], Akaike information criterion 

(AIC)[89] method, Gap Statistics method [90] and Affinity propagation [91]  methods were 

used to predict the number of clusters (k). For AIC and BIC calculation K-means clustering 

euclidean distance was considered.  

(4) Clustering approaches with K-prediction 

Based on the K prediction results we have selected optimum K values for clustering. We have 

used K-means clustering for the hard clustering approach. To test fuzzy (soft) clustering, 

Fanny clustering and C-means were used. All clustering analysis was performed with R 

clustering libraries. 

5.1.2.3. Gene expression association rules 

For the gene expression data, we have tried to create bins for high expression and low 

expression. However, normal values of genes could not find for many genes in the dataset. 

Therefore we have terminated the association rule analysis for gene expression data. 

5.1.2.4. Gene-expression network analysis 

Gene expression network generation had performed using community detection algorithms. 

The human interactome (taxonomy id 9606) downloaded from the Mentha database (2018-06-

https://mentha.uniroma2.it/doDownload.php?file=2018-06-25.zip
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25) [62] was used for extracting gene expression networks. We have extracted the genes 

(coefficient covariance > 50%) from gene expression datasets individually for each project 

and mapped them with the human interactome for network building. Proteins from four 

datasets and union of all datasets, intersection of all data sets and unique proteins from each 

dataset were used for network building. There were 10 main networks for community 

detection. Before performing gene cluster identification we have calculated the basic statistics 

of each network. Based on the results we have selected the four full gene expression datasets 

(genes filtered based on coefficient covariance: 50%). 

(1) MCODE algorithm networks 

We have used the MCODE [26] algorithm to search protein clusters (molecular complexes) in 

the PPI gene expression networks. The parameter setting for the analysis was Degree cutoff: 

2, Loops included, Haircut, no Fluff, and K-core: 2, Max depth: 100 and Node Score cutoff: 

0.2. We have filtered out protein networks which have an MCODE score of less than 10. We 

have investigated each network biological impact by using literature evidence. 

(2) ClusterOne algorithm networks 

ClusterOne algorithm is used to detect overlapping regions. A P-value of less than 0.05 is 

considered high confident networks and P-value between 0.1 and 0.05 are considered as 

moderate confident networks. We have omitted networks which have nodes that count less 

than five. Gene expression values were incorporated into the networks. Based on biological 

evidence we have validated the networks generated from the ClusterOne method. 

(3) M-cliques algorithm networks 

To detect cliques (complete graphs), we have used the M-clique algorithm. Networks which 

have more than five nodes are taken into consideration. We have studied the main complete 

graphs with literature evidence. 

(4) Other algorithms 

We have considered other gene ranking and network analysis methods such as Page ranking 

and MCL algorithm for gene cluster identification. 

5.1.2.5. Gene expression critical gene identification 

We have merged network results from the MCODE algorithm and ClusterOne algorithm in 

each gene expression dataset. Based on genes extracted from the network we have filtered the 

gene expression datasets. We have used the Non-negative matrix factorization (NMF or 

https://mentha.uniroma2.it/doDownload.php?file=2018-06-25.zip
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NNMF) method to identify critical genes which involve in the sub-typing of cancers.  We 

have performed an NMF rank survey (rank 2 to 10) for each dataset. Cophenetic correlation 

coefficient plot, dispersion plot and silhouette plot were used to obtain the optimum rank 

value. The maximum value of all plots was considered as the best rank for the gene 

expression data analysis. Based on the optimum value we have created the meta-genes (set of 

genes positively and negatively correlate with the sub-clusters) for each gene expression 

dataset. We have sorted each gene into meta genes based on the correlation value. We have 

extracted each meta-gene 1st three correlated (positive) and anti-correlated (negative) genes 

as critical genes for each meta-gene. We have created the heatmaps based on critical genes in 

each gene expression dataset. We have studied the biological background of each critical gene 

and its' relation to cancers. 

We have plotted the silhouette score for patient clustering based on the NMF results. We have 

validated research results based on how well each meta-gene can represent patient clusters. 

Finally, we have applied hub genes (critical genes) identification methods based on their 

betweenness and clustering coefficient sorting. These results were validated and it will be 

explained in the results and discussion chapter.  

5.1.2.6. Gene expression signature creation 

Based on the results from the above methods we have created four gene signatures (one 

signature for each gene expression dataset). Each signature has a set of genes which can be 

used to analyze cancer pathways of each cancer and also critical genes can be used to 

understand the sub-types of each cancer. Furthermore, we have created a signature for the 

union of all signature. We have calculated the basic statistics of each signature. 

5.1.3. Gene expression data validation 

5.1.3.1. Gene expression data clustering validation 

Clustering internal validation [92] was performed based on Silhouette measurement. 

Clustering coefficient and stability measurements were considered for cluster validation. 

These steps performed for the dataset and ClusterR, clValid, cluster, pvclust, apcluster, 

factoextra, NbClust, clusGap, e1071, and clues R packages were used. We have analyzed 

genes clusters with the biological pathways. Reactome database and Gene enrichment 

analysis were used for the analysis. 

5.1.3.2. Gene expression data association rules validation 

No association rule was created. Therefore validation was no required. 
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5.1.3.3. Gene expression data network results validation 

Network analysis and clustering validation process were performed with literature evidence 

derived for human Reactome pathways. IntAct, Mentha database literature evidence and 

COSMIC database were used to validate the networks of biological relatedness. We have 

studied the disease relation of each signature by using Opentarget[93] platform. 

Finally, we have performed statistical validation for signatures. We have compared co-

efficient covariance >50% gene filtered datasets and signature gene filtered datasets. We have 

calculated the silhouette score for gene clustering and patient clustering for both datasets in 

each gene expression cancer type. We have used heatmaps for visualized the gene signature 

results. 

5.1.1. Gene expression data visualization 

5.1.1.1. Heatmap visualization 

The results generated from each analysis process visualized as heatmaps. We have used R 

plotting libraries for graphs generation. 

5.1.1.2. Network visualization 

We have created a network structure for each gene expression signature. Node size was based 

on the degree of the particular node. We have used R libraries and PHP language for network 

visualization.  

5.2. Results and discussion in Gene expression data analysis  

We have used gene expression data for signature creation. The following section consisted of 

the results generated from gene expression data. It has four main sections. Initially, data 

filtration results will be explained. Data analysis methods and validation will be the second 

and third steps. Finally, gene expression data visualization will be discussed.   

5.2.1. Gene expression data preprocessing 

Gene expression data is different from mutation data. In contrast to mutation data, gene 

expression data is a  nominal value per gene. In the dataset, each patient has a gene expression 

value for each gene. If the gene expression value variation is taken into consideration in gene 

expression analysis. Gene expression sequencing data generated from different platforms such 

as microarray and RNA sequencing. We have used RNA sequencing data for the analysis. 

Therefore, datasets do not contain the normal values of the gene expression data.  
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We have considered four datasets from human nervous system cancers. Datasets are generated 

from four different cancer sub-types. We cannot use RNA gene expression data to compare a 

normal person with a cancer patient. They have sequenced different genes and different 

patient cohorts. In gene expression data analysis we are trying to understand the gene 

combination which will sub-divide the human nervous system cancer sub-types. We have 

downloaded the data from cBio-portal (2018). The following table (Table 17) shows the data 

taken for the gene expression analysis. 

Table 17 Data for the gene expression analysis 

Cancer type Project Name Gene Patients 

Neuroblastoma (NBL) nbl_target_2018_pub 56,257  372 

Pheochromocytoma/paraganglioma (PCPG) pcpg_tcga 20,987  184 

Brain Lower Grade Glioma  (LGG) lgg_tcga_pan_can_atlas_2018 19,345  510 

Glioblastoma Multiforme (GBM) gbm_tcga 56,257  290 

5.2.1.1. Gene expression data normalization 

Since data generated from different platforms, we have performed data purification steps for 

each dataset separately. Firstly, we have removed all null values from the datasets. Secondly, 

we have removed genes that have zero gene expression for patients more than 90%. They 

were not of good quality. We have eliminated duplicate gene entries. Finally, we have 

normalized (z-score) data based on gene expression for each gene. In NMF analysis negative 

values could not proceed. Therefore, we have to scale the data range from 1 to 0 in the NMF 

analysis. 

5.2.1.2. Gene filtration in gene expression data  

However, the gene expression data were sparse. There was noise from genes that are not 

affecting tumour progression. Before the analysis of gene combinations, we have 

implemented a method to remove the noise in the datasets individually.  

There are genes which will perform tissue-specific tasks. They are varied based on the tissue 

type of the human nervous system. Furthermore, a gene is expressed based on its on-off 

regulation which triggers by cell requirements. Tissue-specific and time-specific effects need 

to be excluded from the analysis. There are genes involved in basic tasks in cells called 

housekeeping genes. Above mentioned three types of noise needed to eliminate from the gene 

expression datasets. 

We have considered the coefficient of covariance for removing noise gene impact [8]. Many 

gene expression data research used several statistical methods such as mean, variance, 

coefficient covariance, and standard deviation of the gene based on the research objective. If 
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the covariance of the coefficient is low, it indicates that a particular gene is not involved in the 

cancer subtype. We had eliminated the noise gene effect by filtering genes which have more 

coefficient of covariance than 50%. The following graph (Figure 42) shows the different 

covariance measures and filtered genes. According to the graph, 0.5 (50%) covariance of the 

coefficient is having the elbow where it eliminates housekeeping genes and also not losing 

important genes that are not highly varied among patients. In gene expression data, both 

overexpression and under-expression compared to the normal are damaging the biological 

function. Therefore, we have considered coefficient covariance for both cases. 

 

Figure 42 Gene vs Coefficient of Covariance 

Elbow was detected at the level of 0.5 coefficient covariance (Used the value for housekeeping gene noise 

removal). Genes related to cancer subtyping were filtered for the clustering 

5.2.2. Gene expression data analysis 

5.2.2.1. Pilot study: Experiment for clustering suitability  

Gene expression data analysis was critical since we do not know the ground truth of the 

dataset we have used. Clustering can be used for patients and also genes in the dataset. Our 

study is focusing on gene clusters. We have performed the following experiment to test to 

parameters. 

¶ To check which algorithms can be used for gene expression data 

¶ To check whether gene filtration based on the biological background will improve the 

results 

GBM is the only gene expression dataset we have the biological patient classification before 

the analysis. Based on the GBM results, we have concluded the effectiveness of the other 
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gene expression data clustering. GBM data consisted of the biological classification of 

patients. There were four biological clusters for patients [8].  

To answer the first question, we have used several clustering algorithms to cluster the GBM 

patients. The hard clustering, hierarchical clustering and soft clustering approaches were used 

for the analysis. We have calculated internal, stability and external validation measurement 

for the GBM patient clustering. The following table (Table 18) shows the results of the 

validation results of each clustering approach. We have taken the K value as 4 since 

biologically patients were classified into four groups.  

Furthermore, to answer the second question, we have compared the measurements based on 

two cases. Initially, we used the full geneset for the clustering. In the second scenario, we 

have filtered the genes based on the pre-identified cancer genes (COSMIC genes). According 

to the results we understood the K-means clustering is more appropriate for the clustering 

from all the measures. Soft clustering is also performing well for gene expression data. 

However, data validation is not possible since each observation will group into different 

clusters with different proportions. 

On the other hand, other than hard clustering methods, all algorithms improve their 

performance with gene filtration. This shows that gene filtration based on biological reasoning 

will improve the clustering results. 

NMF is performing effectively with biological data clustering [94]. We have used the NMF 

method to identify clusters. However, it could not generate results due to time limitation. 

However, we have integrated the NMF method for critical genes finding in signatures in gene 

expression data. With the pilot study, we have concluded hard clustering will be more 

promising in gene expression clustering and gene filtration based on biological reasoning will 

improve clustering results. 

However, there are no predetermined clusters in the GBM genes in the dataset we have used 

for the above analysis. Therefore, we had to develop a method for gene clustering validation. 
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Table 18 GBM patient clustering validation
7
 

  GBM cancer full dataset GBM cancer-related gene filtered dataset 

  Hard  H/C Soft  Hard  H/C Soft  

Measures AP K-m PAM HC FC C-m TM AP K-m PAM HC FC C-m TM 

Rand 0.790 0.890 0.820 Clusters could not 

match with biological 

classification 

0.670 0.770 0.830 0.770 0.660 0.750 0.680 0.750 

HA 0.470 0.710 0.530 0.260 0.420 0.560 0.420 0.270 0.440 0.360 0.400 

MA  0.480 0.720 0.540 0.270 0.430 0.570 0.430 0.270 0.450 0.360 0.410 

FM 0.610 0.790 0.650 0.500 0.570 0.680 0.570 0.520 0.630 0.610 0.580 

Jaccard 0.440 0.650 0.480 0.320 0.400 0.510 0.400 0.340 0.450 0.410 0.400 

Purity  0.730 0.860 0.790 0.690 0.710 0.800 0.710 0.810 0.770 0.870 0.690 

Entropy  0.400 0.260 0.370 0.860 0.490 0.390 0.490 0.660 0.600 1.390 0.580 

Normalized 

mutual 

information  

0.590 0.730 0.610 0.340 0.490 0.600 0.490 0.380 0.440 0.380 0.420 

Variation of 

information  

1.580 1.070 1.520 2.230 1.980 1.540 1.980 2.090 1.930 1.830 2.180 

Specificity 0.860 0.920 0.870 0.830 0.840 0.890 0.840 0.850 0.900 0.910 0.860 

Sensitivity  0.610 0.810 0.660 0.410 0.570 0.670 0.570 0.410 0.520 0.440 0.530 

Precision  0.610 0.770 0.640 0.600 0.570 0.680 0.570 0.670 0.770 0.840 0.630 

Recall  0.610 0.810 0.660 0.410 0.570 0.670 0.570 0.410 0.520 0.440 0.530 

F-measure 0.610 0.790 0.650 0.490 0.570 0.680 0.570 0.510 0.620 0.580 0.580 

 

                                                 

7 AP: Affinity propagation 

K-m: K-means clustering 

PAM: PAM clustering 

HC: Hierarchical clustering 

FC: Fanny clustering 

C-m: C-means clustering 

TM: Topic modelling 
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5.2.2.2. Gene clustering 

Gene expression data clustering is used to cluster the genes and patients and understand 

subgroups in the datasets. Even though we have performed the data preprocessing, there were 

a large set of genes in each dataset. Genes are the attributes that help to cluster cancer 

patients. We have performed basic analysis and applied dimension reduction techniques to 

understand the data. The following sections will explain the results of gene clustering and 

dimension reduction methods we have used for the gene expression data analysis. 

(1) Dimension reduction methods 

We have used principal component analysis. It is a dimensionality-reduction method that is 

often used to reduce the dimensionality of large data sets, by transforming a large set of 

variables into a smaller one that still contains most of the information in the large set. The 

Principal Component Analysis could not be performed since gene size is more than the 

observation count. 

a) t-Distributed Stochastic Neighbor Embedding (t-SNE) algorithm 

The t-distributed stochastic neighbour embedding (t-SNE) algorithm is a machine learning 

algorithm for a visualization based on Stochastic Neighbor Embedding [95]. However, we 

could not identify clear clusters in genes other than the LGG dataset. Even though LGG genes 

are separated into two clusters they do not contain any biological meaning. The following 

graph shows (Figure 43) the four dataset results for the t-SNE algorithm. 

 

Figure 43 t-SNE results for gene expression datasets 

No clusters were detected in GBM, NBL and PCPC. LGG has two clusters but could not interpret the 

clusters biologically 

  



Extracting Common Signatures To Classify Human Nervous System Cancer Data With Bioinformatics Approaches 

 

80 

 

(2) Clustering approaches without K -prediction 

a) DBSCAN clustering 

DBSCAN is an unsupervised machine learning algorithm that can be used with noisy data. 

Even though we have eliminated the noise from coefficient covariance filtering we used this 

algorithm to understand the gene expression data. This algorithm does not require any prior 

knowledge about the dataset. The following figure (Figure 44) shows the output of the 

DBSCAN algorithm for four gene expression datasets. GBM and PCPG datasets do not 

generate clusters from DBSCAN. However, LGG showed four clusters. They do not have 

biological reasoning.  

 

Figure 44 DBSCAN results for gene expression data 

There were no clear clusters in four datasets. No biologically interpretable clusters were detected 

  

b) Hierarchical clustering 

Hierarchical clustering is a basic and common clustering method in the biological domain. It 

does not require prior knowledge about the dataset and it has been used in several applications 

in bioinformatics such as phylogenetics and gene expression analysis. Clusters generate from 

hierarchical clustering represents the interrelationship between each object. We have 

generated clusters for gene expression data via using euclidian distance. The following 

clustering results (Figure 45) show the four dataset clustering outputs. GBM has four main 

clusters, however, these gene clusters are not biologically interpretable. LGG and NBL both 

gene expression data cluster genesets for two main clusters. PCPG has three clusters at a 

higher level. However, these clusters are fully based on gene expression values. Therefore 

they do not represent the biological insight of the dataset. 
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Figure 45 Gene cluster results with hierarchical clustering 

GBM has main four clusters and LGG, NBL and PCPG datasets divided into two main clusters. Gene 

clusters do not have significant biological functions 

  

(3) K-prediction for clustering 

We have tried to cluster the data with hard clustering approaches. In hard clustering, one 

observation will come under one cluster or group. Moreover, hard clustering approaches such 

as K-means need prior knowledge about the dataset. It requires the number of clusters in the 

dataset before performing the analysis. Therefore, we have used several "number of clusters" 

(K) prediction techniques to obtain the results. 

We have used euclidian distance to calculate the K value from the following techniques. We 

have used several widely used measures for predicting K values such as the Elbow method 

and Silhouette method. 

a) Elbow method 

In cluster analysis, the elbow method is a heuristic used in determining the number of clusters 

in a data set. The method consists of plotting the explained variation as a function of the 

number of clusters and picking the elbow of the curve as the number of clusters to use. The 

following graph (Figure 46) shows the K values predicted by the Elbow method. 

According to the results, there are no significance elbows represented in the datasets other 

than in the PCPG dataset. However, the Elbow method is not performing well in most gene 

expression datasets. 
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Figure 46 Elbow method K- prediction results 

Elbow was detected in K=2 in GBM, LGG and PCPC. NBL elbow is not significantly shown. 

b) AIC method 

Akaike Information Criterion (AIC) is a single number score that can be used to determine 

which of multiple models is most likely to be the best model for a given dataset. It estimates 

models relatively, meaning that AIC scores are only useful in comparison with other AIC 

scores for the same dataset. A lower AIC would be ideal for the analysis. The following graph 

(Figure 47) shows the results received from the AIC calculation. 

According to the results, AIC values are getting lower with the number of clusters (K). 

However, there is a sharp slope in each dataset in cluster 2. We have limited the number of K 

to 10 since a higher number of K would be less interpretable. We have recalculated with the 

maximum K value adjusted for 100. However, there was no minimum AIC value for gene 

expression datasets. Due to the above reason, we have considered K= 10 for the analysis. 

However, it is not the correct value.  
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Figure 47 AIC method results 

Optimum clusters were identified with the elbow values. All datasets K =2 and 10. 

c) BIC method 

Similar to the AIC method Bayesian information criterion (BIC) or Schwarz information 

criterion is a criterion for model selection among a finite set of models; the model with the 

lowest BIC is preferred. It is based, in part, on the likelihood function. However, BIC also 

unable to produce optimum K value since it does not produce the minimum value for each 

gene expression dataset. Following graph show (Figure 48) the results obtained from the BIC 

method for each dataset. 

 

Figure 48 BIC method for K value prediction 

Optimum K values were identified based on elbow value. In NBl no significant elbow is shown. 
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d) Gap statistic method 

The gap statistic measures the deviation of the observed Wk value from its expected value 

under the null hypothesis. The estimate of the optimal clusters (k) will be the value that 

maximizes Gap n(k) Gap n (k). This means that the clustering structure is far away from the 

uniform distribution of points. However, the Gap statistic method results (Figure 49) for gene 

expression data were inconclusive. LGG, NBL and PCPG predicted the maximum value for 

the K. For the GBM dataset, it was predicted as K=2. K prediction for gene expression data 

was inconclusive since it contains noise from tissue-specific gene expression.  

 

Figure 49 Gap statistic method results for gene expression data 

Optimum value for K in all four dataset is 2. Euclidian distance is used for the calculation. 

e) Silhouette method 

Silhouette analysis can be used to study the separation distance between the resulting clusters. 

The silhouette plot displays a measure of how close each point in one cluster is to points in 

the neighbouring clusters and thus provides a way to assess parameters like several clusters 

visually. The following figure (Figure 50) show the K prediction values from the Silhouette 

method. For the GBM dataset Silhouette method predicted 10 clusters. LGG and PCPG 

datasets K predicted as 2. Furthermore, for NBL k is equal to 4.  
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Figure 50 Silhouette method gene expression results 

K is optimized in value 2 for LGG and PCPG, 4 for NBL and 10 for GBM. 

  

The following table (Table 19) shows the summary of the K prediction output. We have 

considered all the techniques to derive the optimum number of K value for each dataset. We 

have generated clusters from the K-means algorithm based on two values from each dataset. 

However, the K-prediction techniques were not performing well compared to the Silhouette 

method. 

Table 19 Predict K value for K-means clustering 

Method \ No. of the cluster for projects GBM  LGG  NBL  PCPG  

Elbow method  2 2 2 2 

Akaike information criterion (AIC) 10 10 10 10 

Bayesian information criterion  (BIC) 10 10 10 10 

Gap statistic method  2 10 10 10 

Silhouette method  10 2 4 2 

Selected K value  2 and 10  2 and 10  4 and 10  2 and 10  

(4) Clustering approaches with K-prediction 

a) K-means 

K-means is a centroid-based algorithm, or a distance-based algorithm, where we calculate the 

distances to assign a point to a cluster. In K-Means, each cluster is associated with a centroid. 

The following figure (Figure 51) shows the clustering results obtained from each gene 

expression dataset for K values. Even though we received clusters for gene expression data, 

there were three main problems to address. The first issues were the gene clusters we received 

from K-means could not be explained with biological reasoning. Secondly, all the clustering 
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coefficients were less than 50%. It explains that the gene clustering was not effective. The 

final issue is some genes may have different functions, however, hard clustering will allocate 

one observation into one cluster. Therefore, it is unreasonable to use hard clustering methods 

for gene clustering. However, we have used the hard clustering methods to validate the results 

we gained from future analysis. 

 

Figure 51 Kmean results for clustering 

Biologically related gene clusters were not detected in all four datasets. 

  

b) Soft clustering 

In contrast to hard clustering, soft clustering methods return probabilities of membership for 

each observation in each cluster. Each sample (observation) will contribute to different 

clusters in different proportions. Fuzzy c-means (FCM) and Fanny clustering methods are 

examples of Soft clustering methods. Topic modelling [8] also soft clustering methods which 

heavily used in text mining [96]. We have used these Soft clustering methods since a single 

gene may have functions in different biological pathways and a particular function needs 

several genes in different level of priority.  

Clustering is assigning observations into clusters by minimizing the differences between 

samples in the same cluster. Furthermore, samples that belong to different clusters should be 

dissimilar as possible. Different clustering methods may be chosen based on the data or the 

application [91]. We have used C-means clustering for the analysis. The following figure 

(Figure 52) shows the results we received from C-means clustering. In GBM first two 

components explain 25% of the data. In LGG, NBL and PCPG 1st two components explain 
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data 48.43%, 31.85 and 41.86% respectively. The gene clusters we received solved the third 

issue we faced with K-means clustering. We can understand the gene involvement in different 

clusters in different propositions. However, the gene clusters we received are from different 

pathways biologically. Thus we could not interpret the results.   

 

Figure 52 Cmenas cluster results 

Nearly 50% data loss in two dimensions for all datasets. With 50% data no clear clusters are visible. 

  

We have clustering results with external and internal parameters. Only GBM has biological 

cluster tags before the analysis. Therefore we used the GBM dataset for evaluating the 

clustering results. We will explain the results in the following sections. 

5.2.2.3. Gene expression association rules 

In gene expression data analysis we could not perform an association rule identification 

technique as we used in mutation analysis. Gene expression data values could not be 

categorized into bins. Since we do not have the normal value for the particular gene we are 

unable to classify gene expression value as over-expressed or under-expressed. Due to the 

above reason, we have eliminated the association rules from the gene expression data 

analysis. 
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5.2.2.4. Gene expression Network Analysis 

Similar to the mutation analysis we have tried to cluster genes based on network analysis. We 

have used four gene expression datasets genes separately to generated networks. Each gene 

expression geneset mapped with the Human Interactome and filtered the network for further 

analysis. 1st neighbour of each gene in the dataset set was not considered as we have done in 

the mutation network analysis. Gene expression data have gathered by sequencing all genes in 

these projects. We have filtered gene expression data based on their gene expression level 

variation. If a particular gene changes its behaviour due to a neighbour alteration affect it 

should be depicted from its gene expression level. Based on the above assumption we have 

only considered the highly varied genes we received from gene filtration. 

Subsequently, we have merged all networks and generate the union of all gene expression 

networks. Similarly, we have obtained the intersection of all networks. Moreover, we have 

identified gene networks which are unique to each gene expression genesets. The following 

table (Table 20) shows the basic statistics of each network we have generated in gene 

expression analysis. 

Table 20 Gene expression network statistics 

Network compo

nents 

Cluste

ring 

coeffi

cient 

Num

ber of 

nodes 

No of 

Edges 

Avg. no 

of 

neighbou

r nodes 

Isolated 

nodes 

Network 

heteroge

neity 

Network 

centrality 

Network 

density 

Lgg_full 394 0.117 5505 65372 23.750 391 1.804 0.147 0.004 

Pcpg_full 341 0.124 3924 40415 20.599 337 1.796 0.176 0.005 

Gbm_full 480 0.013 734 823 0.880 446 2.149 0.028 0.045 

Nbl_full 817 0.041 2505 3755 2.998 799 1.968 0.045 0.001 

Union_all 1229 0.094 8738 86143 19.177 1208 2.119 0.107 0.002 

Interseact_all 25 NA 25 0 NA 25 NA 0.0 NA 

Unique_lgg 466 0.086 2272 8538 7.516 461 1.731 0.085 0.003 

Unique_pcpg 296 0.070 1081 2141 3.963 290 1.568 0.070 0.004 

Unique_gbm 256 0.000 309 54 0.350 239 2.303 0.018 0.001 

Unique_nbl 742 0.033 1516 1262 1.665 719 1.990 0.027 0,001 

 

According to the results, the LGG and PCPG full gene networks have high neighbours on 

average compared to GBM and NBL. This indicates that GBM and NBL are less clustered 

compared to PCPG and LGG in the biological context. Furthermore, there are isolated nodes 

in every network. Therefore, there are genes which do not interact with other genes. This is 

not put in the picture these genes only interact with any other gene in reality. These genes 

may not be studied well in research thus it has less publication related to protein interactions. 
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On the other hand, their 1st neighbours are not affected by the gene expression varied from 

the particular gene expression variance. However, a network will give more insight if it has 

less isolated neighbours and a high clustering coefficient. 

There are only 25 isolated nodes in the Gene intersection network. Therefore we have 

eliminated the network from further analysis. Furthermore more there were less connected 

components in the unique networks. There are 5, 6, 17 and 23 connected components for 

LGG, PCPG, GBM and NBL unique networks respectively. From the genes, we filtered from 

the interactome, 1811, 791, 70 and 797 genes were involved in gene clusters in LGG, PCPG, 

GBM and NBL unique networks. In the research, we are focusing to compare and contrast 

genes inside a particular cancer type but not between cancer types. Therefore, with the above 

statistics and reason, we concluded to eliminate the unique gene networks from further 

analysis. However, a unique gene expression network can be used to develop gene signatures 

to compare cancer types. However, cancer types such as GBM will need more data to 

generate results for the unique gene combinations. We have used four full gene expression 

networks to understand the protein highly connected regions.  

(1) MCODE network results 

Similar to the mutation MCODE network analysis, we have tuned MCODE parameters for the 

gene expression full networks. We have received 3, 40, 18 and 40 MCODE networks from 

GBM, LGG, NBL and PCPG full networks. However, we have eliminated small PPIs (nodes 

less than 4) and score (Density*Nodes) less than 10.00 clusters. Since four gene combinations 

are providing less information related to the whole network we have ignored them for 

signature generation. Since we were considering the complete graphs separately in the later 

section, we eliminate the less scored and fewer node networks. Furthermore, according to the 

literature based on the biological objective score threshold can be adjusted and the higher the 

score the network will be significant[80]. Based on the above benchmarks following networks 

(Table 21) were extracted. There are no overlapping proteins between clusters.  

Table 21 MCODE filtered results 

MCODE clusters  Nodes  Edges  Score  

Lgg_full_M1  44 893 41.535 

Lgg_full_M2 26 185 14.800 

Lgg_full_M3 24 125 10.870 

Lgg_full_M4 36 182 10.400 

Pcpg_full_M1 43 800 38.095 

Pcpg_full_M2 24 118 10.261 

Gbm_full_M  NA      

Nbl_full_M  NA      
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The above table (Table 21) shows the filtered clusters used for further analysis. There were 

four LGG MCODE protein clusters and two PCPG protein clusters. However, there were no 

GBM and NBL protein clusters that will fulfil the filtering criteria. 

The following figure (Figure 53) show the visual representation of the Lgg_full_M1 cluster. It 

has 41.535 scores from the MCODE algorithm. It has 44 proteins and 893 interactions. It 

consisted of the RPS gene family and cancer-related genes such as the NCL gene. RSP is a 

ribosomal gene family which also has evidence that they have an association for cancers. 

 

Figure 53 LGG_full_M01  

Ribosomal gene family is detected and NCL oncogene is included in the protein network 

  

(2) ClusterONE algorithm results 

ClusterONE algorithm also used to identify protein communities in each gene expression 

dataset. We have obtained 16, 403, 98 and 304 protein networks from GBM, LGG, NBL and 

PCPG full networks. We have to filter the networks to receive the relevant networks. 

According to the literature P-value, less than 0.05 is considered as significant networks. P-

value between 0.05 and 0.1 networks are moderately significant clusters and P-value higher 

than 0.1 clusters are not significant [82]. There were 15 significant and moderately significant 

clusters in the ClusterOne results. The following table (Table 22) shows the quality-filtered 

protein-protein interaction networks results obtained from gene expression datasets. We 

captured two networks from GBM and five from NBL gene expression data. Furthermore, 

PCPG has one network and LGG does not have any network which fulfils the criteria. LGG 

PPI networks have higher p-values. PCPG network is having a PPI network with 67 proteins 
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which is a larger network compared to other networks identified from the ClusterONE 

analysis.  

Table 22 ClusterONE results for gene expression data 

Network  
Netowk_ID  

No. of 

Nodes   Density  

Internal 

weight  External weight  P-value  

Gbm_full  
CO_Gbm_full_01  8 0.610 17 21 0.076 

CO_Gbm_full_02  5 0.600 6 7 0.114 

Lgg_full  CO_Lgg_full  NA  

Pcpg_full  CO_Pcpg_full_01 67 0.600 1335 2642 0.043 

Nbl_full  

CO_Nbl_full_01 5 0.600 6 1 0.004 

CO_Nbl_full_02 8 0.640 18 9 0.007 

CO_Nbl_full_03 5 0.600 6 6 0.041 

CO_Nbl_full_04 5 0.600 6 6 0.064 

CO_Nbl_full_05  5 0.600 6 5 0.081 

 

The following figure (Figure 54) shows the visual representation of the PCPG gene 

expression dataset ClusterONE network. Based on the ClusterOne network results PCPG is 

having a biological network, which is similar to the LGG_full_M01 network (MCODE LGG 

network). ClusterOne algorithm is similar to the MCODE algorithm as they both weighting 

the nodes based on the density. However, MCODE can find more clustered network regions 

as it can be tuned with cutoff and fluff values. One the other hand ClusterOne can rank the 

genes based on their significance in the network. Since we are trying to understand the 

common signatures in the gene-sets we have used both algorithms to predict the networks. 

 

Figure 54 CO_Pcpg_full_01 network visualization;  

Ribosomal gene family and oncogene is identified as significant gene cluster. 

  

(3) M-clique algorithm results 

We have extracted complete graphs for gene expression full networks separately. We have 

used the M-clique algorithm to find the complete graphs from the genesets. The following 

graph shows the distribution of the complete graph in gene expression genesets. According to 

the graph, three gene combinations are significantly high. However, their combinations are 
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not considered as signatures since the gene count is not sufficient to interpret the results. 

Furthermore, in future work, these cliques need to be further investigated for information 

mining. We have eliminated protein complexes that have nodes less than five (Genes>=5). 

The following figure (Figure 55) shows each geneset complete graphs counts. There are no 

protein cliques in GBM more than three gene combinations. 

 

Figure 55 Complete graphs distribution  

In gene expression datasets, triplet protein complexes were the highest frequent PPIs. PCPG dataset have 

370 protein complexes for triplet protein networks. 

  

The following table (Table 23) shows the complete graphs identified and filtered complete 

graphs. According to the results, we have identified, there are no complete protein-protein 

interaction graphs for the GBM network. There are complete graphs from LGG, NBL and 

PCPG gene expression networks. These complete graphs may not be involved in cancer 

progression however, they will be altered based on cancer type. These complete graphs need 

to be further investigated with the cancer relatedness.  

Table 23 M-clique complete graphs from gene expression data 

Networks  No. of M-cliques Filtered No. of M-cliques   

Gbm_full  14 Null  

Lgg_full  2954 354 

Nbl_full  112 4 

Pcpg_full  460 26 

The following figure (Figure 56) shows the complete graph identified from the NBL gene 

expression network. The following network has the PTPN6 gene. The PTPN6 gene is a well-

known cancer-related gene and used as a biomarker in colorectal cancers [97]. However, there 

is no publication related to HNS cancers. Moreover, in cancers of non-immune cells, SYK 

provides a pro-survival signal, but can also suppress tumorigenesis by restricting epithelial-
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mesenchymal transition, enhancing cell-cell interactions and inhibiting migration [98]. The 

gene SYK involved in tumours in two methods. It controls the metagenesis which will be 

suppressing cancer spread for the secondary site. 

 

Figure 56 NBL M -clique 

Five genes are in the protein complex. PTPN6 oncogene was detected 

  

Due to the time limitation, we have not studied complete graphs extracted from gene 

expression data individually. However, we have integrated them into the visualization panel. 

(4) Other methodologies for PPI network identification 

Markov Cluster Algorithm (MCL) could not generate the  biologically interpretable results as 

due to time complexity Moreover, it uses hard clustering and leading to significant amount of 

protein overlap of biological functional modules. 

PageRank (PR) is an algorithm could not generate results due to indexing errors in protein 

weight allocation. Protein interacts itself and isoform effect could not handle by Page ranking 

algorithm. Therefore biological networks could not be analyzed by the algorithm. 

Fast Agglomerate Algorithm (FAG-EC) algorithms merge observations before it reaches to 

optimum level of degree in the network. Best Hub genes could not be extracted due to above 

reason. Future work needs to be done to evaluate network analysis algorithm performance 

with cancer interactome. 

5.2.2.5. Hub genes and critical genes identification 

We have merged each dataset PPI networks identified from MOCDE and ClusterONE. We 

have eliminated complete graphs since they are already identified from the above algorithms. 

Since gene expression variations are complicated we have extracted critical genes in each 

gene signature. These genes are playing a significant role in cancer sub-types classification 

and they are involved in drug resistance. These genes will give a hint about cancer sub-type 

and behavioural pattern for target therapies of a new patient who will be tested with the 

suggested gene panel. To identify critical genes in each gene signatures, we have used the 

Non-negative matrix factorization (NMF or NNMF) method. NMF method is considered a 
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powerful algorithm for gene expression class discovery in cancers [43]. NMF algorithm is a 

dimension reduction technique that introduces meta-genes based on gene expression patterns 

of gene set in the data matrix[43]. With the NMF method, we have identified meta-genes 

which can be used to classify patients based on expression variations. It helps to identify sub-

types of the cancers and therapeutic targets.  

(1) GBM meta-genes identification 

In meta-genes identification, we have considered three statistics to determine the number of 

meta-genes. Cophenetic correlation coefficient plot, dispersion plot and silhouette plot were 

graphed and the maximum value of all plots was considered as the best rank for the gene 

expression data analysis. However, we have eliminated the rank two value since we have to 

focus on identifying a maximum number of clusters while ensuring the quality of the clusters. 

 

Figure 57 GBM NMF rank survey results 

Optimum value was detected based on cophenetic, dispersion and silhouette (consensus) plots. Rank 5 is 

selected. GBM has five meta-genes according to results.  

  

The above figure (Figure 57) shows the NMF rank statistics. Based on the above results we 

have selected rank (number of meta-genes) 5. Therefore we have used the GBM rank 5 meta-

genes to identify GBM signature critical genes. We have extracted each meta-gene 1st three 

correlated (positive) and anti-correlated (negative) genes. Since the GBM signature has 12 

genes all genes are included in the list. However, individual gene contributes differently to 

each meta-gene.  
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Figure 58 GBM meta-genes 

Correlation and anti-correlation gene contribution and the heatmap of gene expression. MDM4 TP63 

genes were positively correlate with meta-gene one. 

  

According to the results (Figure 58), Meta-gene 1 have the highest positive correlation with 

the MDM4 gene and the highest negative correlation with the EPHA3 gene. The MDM4 gene 

highly expressed in cancers [99] and it promotes cancer growth [100]. By inhibiting MDMX-

p53 protein-protein interaction can be used as an effective tumour therapy[100]. However, in 

Meta-gene 4, the MDM4 gene is having a negative correlation to the cancer sub-type. 

Therefore, it is important to analyze patient gene expression data and determine MDM4 gene 

behaviour in GBM cancers. Even though these patients are from the same cancer type, based 

on expression levels on the MDM4 gene, therapy will be different. Furthermore, the EPHA3 

gene is involved in Meta-gene 1 negatively and positively in Metagene 2. Literature suggests 

the EPHA3 gene plays a significant role in tumour growth and target for drug resistance[101]. 

We have included all genes (results from network analysis) in the suggested GBM gene panel. 

Due to the above biological reasons, we are suggesting to focus on these significant gene 

expressions positive and negative correlations when developing a therapeutic procedure for 

GBM patients. Based on rank five we have plotted the silhouette plot for the samples 

(patients). Based on the graph (Figure 59), Meta-gene 2, 4 and 5 are performing effectively 

compared to meta-gene 1 and 3. The average silhouette score is 0.21 and it got reduced due to 

misclassified samples from meta-gene 1 and 3. Based on the silhouette score interpretation 

[102] GBM data have a low underline structure. Furthermore, it shows high inter-cancer 

heterogeneity between cancer subtypes. In gene expression data analysis average silhouette 

score can be lower when the dissimilarities between patients are low[103]. It is important to 

improve results in Meta-gene 1 and 3 by adding more GBM cancer gene expression data. Full 

gene list is available in Appendix 3. 
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Figure 59 GBM silhouette score for meta-gene patient clustering 

Average score is 0.21 (Low) Cluster 5 have higher score (0.37) compared to other clusters. Cluster 1,2,3 

and 4 have mismatch observations. 

(2) LGG meta-genes identification 

We have used the NMF algorithm to identify meta-genes in the LGG data. The following 

graph (Figure 60) shows the Cophenetic correlation coefficient statistics, dispersion statistics 

and silhouette score for 2 to 10 ranks. Based on the results we have selected rank five as the 

optimum number of clusters.  

 

Figure 60 LGG NMF rank survey results 

Optimum value was detected based on cophenetic, dispersion and silhouette (consensus) plots. Rank 5 is 

selected. LGG has five meta-genes according to results.  

 

Based on the rank 5 meta-genes we have extracted 1st three positively and negatively 

correlated genes for each meta-gene. The following figure (Figure 61) shows the genes that 

should be focused on in the LGG gene signature to classify cancer subtypes. 
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Figure 61 LGG meta-gene correlation and anti-correlation contribution  

Gene expression heatmap is plotted based on five meta-genes. There are three gene clusters and four 

patient clusters in LGG dataset. Ribosomal gene family is involved in the sub-cluster identification. 

  

In the LGG meta-genes, the ribosomal gene family is involved in meta-gene 1 and 2 

positively. They negatively correlate with meta-gene 4 and 5. PTBP1 gene involved positively 

in meta-gene 4 and negatively correlated with the meta-gene 5. PTBP1gene is positively 

correlated with cancers and also poor prognosis [104]. Therefore sub-types from meta-gene 5 

may have a higher prognosis compared to the sub-type from meta-gene 4. HDAC4 gene is 

over-expressed in Meta-gene 3 and negatively correlated with Meta-gene 4. Over-expression 

of HDAC4 is a key point in cancer growth in Glioma [105]. Therefore, it is useful to analyze 

gene expression variation in the HDAC4 gene to classify cancer sub-type in LGG cancers. 

Based on rank five we have plotted the silhouette plot for the samples (patients) (Figure 62). 

Cluster silhouette scores are positive in all clusters except Meta-gene 4 patient cluster. Meta-

gene patients are clustered incorrectly. The average silhouette score is 0.2 and it got reduced 

due to misclassified samples from meta-gene 4. Based on the silhouette score interpretation 

[102] LGG data have a low underline structure. Similar to GBM, LGG cancers also have high 

inter-cancer heterogeneity between cancer subtypes. The average silhouette score is increased 

to 0.33 if the meta-gene count is two. However, it will be unable to find insight into LGG 

cancer sub-types. 
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Figure 62 LGG silhouette score for meta-gene patient clustering 

Average score is 0.2 (low). Many observations are missed the true clusters. Cluster 1 is having 0.38 score. 

 

(3) NBL meta-genes identification 

We have used the NMF method to identify meta-genes in the NBL data. The following figure 

(Figure 63) shows the NMF rank survey results for rank 2 to 10. Based on the results we have 

selected rank three as the optimum number of clusters. Based on the rank 3 meta-genes we 

have extracted 1st three positively and negatively correlated genes for each meta-gene.  

 

Figure 63 NBL NMF rank survey results 

Three meta-genes were selected based on cophenetic, dispersion and silhouette plots. 
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The following figure (Figure 64) shows the genes that should be focused on in the NBL gene 

signature to classify cancer subtypes. 

 

Figure 64 NBL meta-gene correlation and anti-correlation  

Three meta genes were used to identify sub-clusters. There are three gene clusters and five patient sub 

clusters identified.   

  

There is high redundancy in NBL meta-genes. Only three genes are not repetitive. TRPC5 

gene is positively correlated with meta-gene 1 and negatively correlated with metagene 2 and 

3. TRPC5 is positively correlated with drug resistance in chemotherapy [106]. Therefore it is 

critical to understand the TRPC5 gene expression variation of an NBL cancer patient before 

chemotherapy. NLGN1 gene is positively correlated with the Meta-gene 2 and negatively 

correlate with Meta-gene 1 and 3.  NLGN1 is playing a role in HNS development and cell 

adhesion[107]. Furthermore, NLGN1 gene over-expression appeared in metastatic prostate 

cancers [107] also it's over-expression associated with poor relapse-free survival [107].  

Based on rank three we have plotted the silhouette score for every three patient clusters 

(Figure 65). All the clusters have positive silhouette scores however, the average score is 

0.17. Even-though for the rank two clusters average silhouette score will only increase to 

0.22. Therefore, we can conclude NBL data has high intra-tumour similarity. However, it is 

important to improve clustering quality by adding more NBL gene expression data to the data 

matrix. However, these genes we have identified from three meta-genes can be used for NBL 

sub-typing based on their expression variation. 
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Figure 65 NBL silhouette score for meta-gene patient clustering 

Average score was 0.17 (low). Three clusters have mismatching observations. 90 observations were belong 

to cluster one. 

  

(4) PCPG meta-genes identification 

We have used the NMF method to identify meta-genes in the PCPG data. The following 

figure (Figure 66) shows the NMF rank survey results for rank 2 to 10. Based on the results 

we have selected rank three as the optimum number of clusters. Based on the rank 3 meta-

genes we have extracted 1st three positively and negatively correlated genes for each meta-

gene. 

 

Figure 66 PCPG NMF rank survey results 

Three meta genes were selected based on cophenetic, dispersion and silhouette plots. Meta-gene six also 

probable mata-gene count accoriding to results. 

  

The following figure (Figure 67) shows the genes that should be focused on in the PCPG gene 

signature to classify cancer subtypes. 
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Figure 67 PCPG meta-gene correlation and anti-correlation meta gene contribution 

 Three meta-genes were selected RPL gene family proteins were selected. Four patient clusters and five 

gene clusters were identified based on heatmap. 

  

Meta-gene 1 and 2 positively correlate with the ribosomal gene family. Meta-gene 3 

negatively correlate with the ribosomal gene family. Meta-gene 1 negative correlated genes 

are positively correlated with the Meta-gene 3. Meta-gene 1 and 3 are comparatively opposite 

to each other. However, Metagene 2 is similar to Meta-gene 1. The DCLK1 gene is the only 

new gene that negatively correlates with Meta-gene 2 in contrast to Meta-gene 1 negative 

correlation. In colon cancer, the GAB2 gene promotes the metastatic stage of cancer [108]. 

Therefore the high expression of the GAB2 gene may lead to the metastatic stage in HNS 

cancers also. This finding needs to be validated with the biological experiment. LIMA1 gene 

over-expression will be beneficial for treating cancer since it will reduce cell growth [109]. 

Loss of LIMA1 expression will lead to the metastatic stage in cancers due to cell migration 

and invasion [109]. Therefore, Meta-gene 1 an 2 have a higher chance of having metastatic 

stages in cancers. The KIF13B gene has a positive correlation to Meta-gene 3 whereas it has a 

negative correlation to the other two meta-genes. KIF13B inhibits angiogenesis (growth of 

blood vessels for cancer cells) [110]. High KIF13B gene expression will be a potential 

therapy for PCPG cancers. Based on the results we can suggest that Meta-gene 3 cancer sub-

type is mainly based on the GAB2 gene (high expression correlate with metastatic stage). 

However, the above statement needs to be validated with a biological experiment. 

Based on rank three we have plotted the silhouette score for three patient clusters (Figure 68). 

The average silhouette score is 0.23. If the rank is two, the average silhouette score will only 

increase to 0.35. This is due to the high similarity between Meta-gene 1 and 2. Meta-gene 3 

cluster has a 0.59 silhouette score. Therefore we can conclude that Meta-gene 3 is the 


























































































































