
  

 

 

 

 

 

A 2-Level Granular Network Model for Biological Data Mining 

Analysis 

 

  

 

by 

Moshe A. Gadish 

 

 

A Thesis  

Presented to 

The University of Guelph 

 

 

In partial fulfillment of requirements 

for the degree of 

Doctor of Philosophy 

in 

Computer Science 

 

 

 

 

 

Guelph, Ontario, Canada 

© Moshe Gadish, January 2014 



 

 

ABSTRACT 

 

 

 

A 2-LEVEL GRANULAR NETWORK MODEL FOR BIOLOGICAL DATA 

MINING ANALYSIS 

 

 

 

Moshe A. Gadish       Advisor:  

University of Guelph, 2014       David K. Chiu 

 

 

 

The discovery of relationships between variables in a biological system is pivotal in 

bioinformatics and systems biology.  Biological network inference is complex and new 

integrative techniques still need to be explored. 

In this thesis, a 2-level granular approach is proposed to model, analyze, and 

compare biological networks.   The system comprises two levels of granulation with a 

base data layer, representing the raw data that are transformed into a common discrete 

type and then analyzed at the first level of analysis for pairwise relationships, based on 

normalized statistically significant expected mutual information (NSEMI), and at the 

second level of analysis  for convergent associations that identify highly associative 

nodes based on two different measures of convergent mutual information: cumulative 

connectivity and high connectivity.  



 

 

The proposed approach is tested by using benchmark data with known network 

structures from Yeast and E.coli. The level 1 analysis produces predictions with 

accuracies above 95%.  The level 2 analysis, as expected, results in significant 

improvements in accuracy due to significant reductions in false positives.  Next, the 

benchmark data is applied to test two additional network discovery methods: K2 and 

BDeu, used for Bayesian networks.  Our approach outperforms both Bayesian methods.  

The level 2 analysis is integrated into two well cited and adopted information based 

algorithms: CLR and ARACNE.  The results demonstrate similar improvements in false 

positives and accuracy.  

Finally, the approach is applied to the Enviropig™
1
 datasets, by using data 

collected from the muscle tissue for both transgenic and conventional samples.  Analyses 

reveal visible differences between the sexes, as well as between the transgenic and 

conventional pig lines.  Also, strong associations are evident among the minerals and the 

fatty acids, regardless of the sex and pig line.  The detected association patterns are 

observed to be stronger among males and conventional pigs. 

Key Words:  systems biology, granular computing, transgenic, significant expected 

mutual information, Enviropig™, mutual associations, convergent associations. 

 

                                                 

1
Enviropig is the trademark for the genetically modified line of Yorkshire pigs that are capable of 

digesting plant phosphorus more efficiently than ordinary unmodified pigs that was developed at the 

University of Guelph.  

 

http://en.wikipedia.org/wiki/Trademark
http://en.wikipedia.org/wiki/Genetic_engineering
http://en.wikipedia.org/wiki/Yorkshire_pig
http://en.wikipedia.org/wiki/University_of_Guelph
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“If I have seen further than others, it is by standing upon the shoulders of giants.” 

Isaac Newton 

 

“The crucial variable in the process of turning knowledge into value is creativity.”  

John Kao 

 

“Innovation is not the product of logical thought, although the result is tied to logical 

structure.” 

Albert Einstein 
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Chapter 1 

Introduction 

 

1.1 Problem Definition, Research Goals and 

Motivations 

Improved understanding of the function of a biological system is achieved when it is 

conceptualized as system of interacting elements.  For such a system, it is crucial to know 

the identity of the components that constitute the biological system and the interactions 

among them [1]. The modelling of the associations between the biological components is 

a key research area in systems biology. All biological processes and outcomes such as 

metabolism, development, and diseases are a function of the interacting components that 

involve multiple components, described as networks (or pathways). Frequently, 

information about these networks is extracted from biological data. 

Various approaches to model associations have been suggested.  For example, 

Bayesian networks have long been used for describing causal interactions between 

biological components [2] [3].  However, Bayesian networks, due to their acyclic nature, 

do not capture the feedback loops, unless they are abstracted into another level; other 

pitfalls include hidden common nodes and selection bias [4].  In addition, Bayesian 

networks rely on parameter estimation by using conditional probability matrices.  
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Association is not causality. In this thesis, the approach does not take into account the 

directionality of the associations as a conservative way of approximation, allowing loops 

at the original level. In addition, the proposed method is immediately supported by the 

data; hence, there is no need for the parameter estimation used in Bayesian and Dynamic 

approaches.  The existing dynamic approaches of network modelling involve the 

principles of control theory, requiring the development of a mathematical model that 

consists of a set of parameterized differential equations [5].  To construct a dynamic 

model, the requirement is not only knowledge of the network topology, but also the 

reaction rates (as functions of the chemical species) as well as the values of the rate and 

equilibrium constants.  To estimate the parameters, a large set of samples are taken over 

different time intervals, which tend to be economically unfeasible [6].  An issue that 

complicates the dynamic modelling of biological systems is that each network variable 

may act over different time and distance scales [7]. The newly developed approach does 

not limit the number of variables, nor require time course data to model the associations 

across many biological levels as is the case in an open biological system.   

Correlation has been widely used in reconstructing biological networks.  

However, it can measure only linear associations, which can be inapplicable when there 

are nonlinear relationships between the variables.  By employing mutual information 

(MI), the proposed approach will allow for the detection of associations regardless of 

their linearity or continuity.  Consequentially, in this thesis, the motivation is to design an 

the alternative solution for biological network modelling in systems biology that 

addresses the limitations of the existing approaches such as the Bayesian, dynamic and 

correlation ones, without sacrificing accuracy.  
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Biological networks that can be visualized have an intuitive understanding of how 

variables interact among themselves.  Intuitive visualization of network models can 

simplify the analysis and enhances interpretation of biological data, allowing for the 

discovery of further patterns that remain unseen in the original data.   Consequentially, in 

developing the proposed approach, we were motivated in providing an easily 

interpretable and intuitive approach to detecting, describing and comparing different 

association patterns in a single network model as well as between two network models. 

1.1.1 A Granular Perspective 

Granular computing offers a conceptual framework to study many problems in data 

mining, including data and knowledge representation and processing [8].  Discovering 

the correct level of granularity in the data, information, and knowledge representations is 

essential for data mining.  At a conceptual level, granular computing concerns structured 

thinking and problem solving [9].  Therefore, granular computing solves problem using 

“commonsense concepts of granule, granulated view, and hierarchy” [9].  Yao (2005) has 

best described the field as “a multidisciplinary study of a general theory of problem 

solving based on different levels granularity and detail” [9]. 

Granular computing is adopted to obtain new understanding and greater insight 

for solving many real world problems in data mining and systems biology.  In this 

research the intent is to establish a new perspective of systems biology based on granular 

computing for modelling biological network associations.   

Complex systems such as living organisms are composed of smaller interacting 

parts forming an integrated whole [10].  A granular approach that takes into consideration 
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the complex associations between the parts, promotes system level thinking.   A complex 

system can be modelled as a network of entities, and investigated on different levels of 

details, forming granular views of the system, in an overall hierarchal structure.   A 

hierarchical representation links the components into a whole, providing a multi-level and 

multi-granular description of the system [15]. Through granular representation, the result 

is a more complete view of a living system as an integrated whole rather than fragmented 

view. A granular representation simplifies a complex system by omitting irrelevant 

details, and focusing on the appropriate level of abstraction [15]. Representing variables 

and their associations as granules and their organization as levels, networks, and 

hierarchies, offers a more structured and intuitive view of a biological system.  Each 

granular level offers a unique view encompassing knowledge at different levels of 

granulation and abstraction.  Abstraction allows us to retain only what is relevant [16].  

This dissertation is dedicated to developing a granular network modelling approach 

that detects pairwise and convergent associations regardless of their linearity. The 

approach does not require the collection of expensive time-course data (sometimes 

impossible or too costly).  It accommodates for statistical outliers and noise, and 

produces relatively accurate results. In addition, the approach facilitates the comparison 

of models of different classes, both computationally and visually.  
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1.2 Research Contributions 

1.2.1 Contributions to Computer Science 

In this research, a muli-level granular approach for network modelling in systems biology 

is developed.  The approach consists of two levels of granulation, allowing for the 

detection of association patterns at each level that can be used for comparative analysis.  

Many current systems biology approaches for network modelling focus on detecting 

pairwise associations between biological components [11] [12] [13] [14]. In this thesis, 

the interest is to extend this analysis by the construction a second level of analysis that 

detects the convergent associations to provide richer, global information.  With a second 

level of analysis the objective is to improve accuracy of the pairwise associations 

detected in the first level; identify the patterns of association; compare the network 

models regarding the identified associations at the first and second level analysis; and 

improve the network model visualization. 

Specifically, the approach provides the following contributions: 

1. A 2- Level granular approach for discovering mutual and convergent associations   

The approach is granular, offering two granular views of the modelled system, forming a 

2-level hierarchal structure, composed of granules such as variables and their 

associations.  

At the first level, pairwise mutual associations that are statistically significant are 

detected using the information theory in combination with residual statistical analysis.  
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At the second level, convergent associations are detected.   Both cumulative and 

selective measures for convergent associations are proposed. The cumulative 

associations, converging on any variable / node in the network discovered in level 1 

analysis, are calculated. Segregating the network variables according to on the total 

weight of the converging associations established a basis of further comparative analysis 

of the variables within the same network, and the corresponding variables across different 

networks. 

The second measure identifies the selective number of associations converging on 

any variable in the biological network. Here, the variables that participate in the strong 

and multiple associations are identified by using a new measure for convergent 

associations that is based on the strength and frequency of the associations.  They are 

known as Highly Connected (HC) variables. Their usefulness is summarized as follows: 

 Segregating network variables based on the strength and frequency of the 

associations provides a base for further comparative analysis.   

 Networks, when visualized in terms of HC variables, become smaller, reduced to 

a subset of HC nodes and edges connecting them. 

 Incorporating the HC variables in the pairwise association algorithm, used in the 

first level of analysis, results in significant reductions in the type I errors (false 

positives) which leads to improvement in the network discovery performance.   A 

type I error may lead one to falsely conclude that a variable or an association 

exists when it does not [15]; for example, a misdiagnosed disease, or that a cure 

will treat a disease when it does not. As a result, there is a need to reduce the 

likelihood of implying an association that does not exist.  
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2. A framework for decision support for comparative evaluations 

In this thesis, a framework is created for decision support, allowing further analysis such 

as a comparison of first and second level associations of different classes of organisms to 

support domain applications such as decisions involving genetically modified food.  

Discovering the differences in the detected associations between transgenic and 

conventional animals can help food regulators in deciding whether a genetically modified 

animal is ready for human consumption and commercialization.  An integral part of the 

decision process is the evaluation of the differences between transgenic and conventional 

animals at various levels of data (i.e., genomic, proteomic, and tissue chemical 

compositions) [16].  A system that can be used for detecting, describing, and comparing 

patterns of biological network associations can be helpful in such decision making. 

Additionally, new techniques are derived to visualize the detected associations, and 

help us in our analyses as follows:   

 They can assist in uncovering the patterns of association within a network and 

between networks.   

 Visualizing associations (mutual and convergent) simplifies the analysis and 

enhances the interpretation of biological data, and conceivably aid in identifying 

the differences between transgenic and conventional pigs.  
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1.2.2 Contributions to Biology 

Associating biological variables across different genotypic and phenotypic data levels 

plays an important role in understanding the biological processes, as well as cellular and 

organism responses under new conditions such as genetic modification or diseases [17]. 

Using the newly developed approach on the Enviropig™ data, the goal is to 

develop an intuitive, easily interpretable understanding of this relationship, and the 

difference between transgenic and conventional animals. 
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1.3 Thesis Organization 

The thesis is organized into seven chapters.  This chapter defines the problem, our 

motivations for the research, and concludes with an outline of the contributions to 

computer science and biology.  Chapter 2 provides a brief overview of existing 

approaches in systems biology for network discovery, visualization and comparison.  

Chapter 3 describes the proposed approach using mathematical notation and the pseudo 

code of the algorithms. Chapter 4 evaluates the approach by using benchmark datasets, 

and calculating the overall performance.  In Chapter 5, we compare the proposed 

approach to two Bayesian network discovery methods and then incorporate our method in 

two alternative information based algorithms. In Chapter 6 the approach is applied by 

using the Enviropig™ dataset to identify and compare both mutual and convergent 

associations between different classes of pigs.  Chapter 7 presents the conclusions with a 

brief discussion of future considerations.  
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Chapter 2 

Literature Review 

 

2.1 Network Modelling in Systems Biology 

Systems biology is a fairly new field of study.  It emerged as a result of several advances: 

knowledge gained in the human genome project; the emergence of cross-disciplinary 

biology, where scientists from biology, chemistry, physics, statistics, mathematics, 

engineering and computer science all work together [18]; the availability of abundant 

biological information over the Internet; and the advances in high-throughput 

technologies for genomics (gene arrays), proteomics, transcriptomics, and metabolomics, 

enabling the collection of large scale data sets [19]. 

Systems biology focuses on the associations between the biological system 

components, including how these associations bring about the functions and the 

behaviours of those systems.   Analysis of complex biological systems requires the 

involvement of experimental work to collect and measure biological data and 

computational research to derive information and knowledge.  Biological systems can be 

as small as a few proteins, performing a common task – that is, biomodule –or may be 

larger in scope, comprising a group of cells performing a particular phenotypic function.   

In addition, a biological system can encompass components at varying levels of 
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granulation, such as molecules, cells, organs, organisms, or even ecological communities 

[20].  

Systems biology can be defined as the analysis of the associations between the 

components of a biological system in response to genetic or environmental factors with 

the goal to understand the system and its properties [19].  To understand biological 

systems, combined research effort in fields of molecular biology, and computer science, 

is necessary. To clearly understand the system, it is essential not only to describe it, but 

also to comprehend its response to certain stimuli. 

 

2.2 Existing Approaches for Systems Biology 

There are many approaches in systems biology for inferring biological networks of 

associations.  Most of the known research has been focused on inferring associations at 

the gene expression level produced from microarray experiments; and protein-protein or 

protein-DNA associations by using high-throughput two-hybrid screening [21]. 

Topically, gene interaction networks concern inferring causal, direct associations for gene 

regulation studies.  Biological association algorithms can be classified into several 

categories, each having its advantages and disadvantages:  Bayesian networks, dynamic 

modelling, correlation, and mutual information-based approaches.  The next few 

subsections provide an overview of these approaches as well their differences  

and limitations. 
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2.2.1 Network Modelling from Bayesian Approaches 

There are a variety of approaches to network inference, many of them Bayesian in nature. 

A Bayesian Networks represents the joint distribution of a set of random variables as a 

product of their conditional probabilities [2]. The Bayesian statistical paradigm is fully 

probabilistic. A Bayesian approach requires a statistical model relating the quantities of 

interest to the data observed, likely via many unobserved intermediary variables.  Given 

such a model, inference can be carried out to extract information from the data that is 

uncertain, unobserved, or subject to error or noise. 

Bayesian networks in systems biology are used to describe cellular entities such 

as gene expression levels or protein concentrations by using random variables whose 

relationships are modelled qualitatively and quantitatively.  Qualitatively, the 

relationships between the biological variables are represented in a direct acyclic graph, 

where the nodes and edges represent the variables and conditional interdependencies, 

respectively.    Quantitatively, these dependencies are described through conditional 

probability distributions.  A drawback of Bayesian Networks is that they offer only a 

static picture of the system, incapable of capturing feedback loops because of their 

acyclic nature.  These shortcomings are eliminated in Dynamic Bayesian Networks 

(DBNs) that take biological system representation one step further in time.  A DBN is a 

Bayesian Network that relates biological variables over subsequent time steps [22]. 

To derive a DBN encoding, the dependencies of random biological variables, over 

time, the following assumptions are made: the system is Markovian, indicating the 

current probability at time t+1 depends only on a previous one at time t, and is time-
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homogenous, indicating a transition probability that is independent of t [11].  An essential 

component of Bayesian network modelling, dynamic or static, is the requirement to learn 

the network structure describing the variables and their associations.  This requires the 

selection of a search strategy and a probability model.  There are many models to choose 

from: linear and nonlinear, but choosing the model is not a trivial matter because 

different models can lead to different results [11]. Therefore, a Bayesian approach to 

systems biology requires model fitting and parameter estimation that can move the results 

away from natural expectations. Another drawback is that, since the DBN is dynamic, the 

approach requires a large amount of time series data to be effective, but developing such 

data is costly and impractical. 

Markov Networks are used to represent a joint distribution of random variables as 

a product of potentials [23] [24].  Unlike Bayesian Networks, a Markov Network is 

represented as an undirected graph, and it allows cycles. Chain Graphs, a broader class of 

graphical models, involves a product of the conditional probabilities and potentials. 

Chain graphs allow both directed and undirected edges, but not directed cycles [25] [26]. 

Caroll and Pavlovic have defined a chain graph model by constructing a protein to 

protein interaction network by using gene ontology data [27].  

 

2.2.2 Network Modelling from Control Theory Approaches 

The area of control theory and dynamic systems has applications in systems biology.  The 

branch of systems biology that merges systems and control theory with molecular and 

cell biology is referred to as Dynamic Systems Biology.  There is an analogy between 
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biological systems and engineering systems.  Cellular functions can be described as 

temporal processes, and thus understood, if treated as dynamic systems.   

In engineering systems, robustness and stability are modeled by using system 

control, redundancy, modular design, and structural stability; the same can be said for 

biological systems [18] [28].  System control can be achieved through feed forward or 

feedback loops, both of which are found ubiquitously in biological systems.  Redundancy 

creates a backup for damage, as is evident in the existence of duplicated genes, and genes 

with similar functions and multiple alternative biological pathways, that is, signal 

transduction, and metabolic circuits.  A modular design controls the way the damage is 

spread; cellular systems are examples of modular systems.  Finally, structural stability, 

which is seen in biological systems as in some gene regulatory circuits, shows what 

nature has designed to be stable for a broad range of parameter variation and genetic 

polymorphisms [18] [28].  

Given these parallels between engineering and biological systems, it becomes 

clear why substantial research has been performed in the field of dynamic systems 

biology. Here, the focus is on the dynamic nature of the associations between molecules 

and cells [5].   

As in DBNs, the dynamic approach to systems biology studies the behaviour of 

the system by systematic perturbation and follow-up observations.  Such an approach 

models causation as a relation between states, where the dynamic behaviour of the system 

is the temporal evolution of its states.  It is a stimulus-response system where, in order to 

estimate the parameters, the system is stimulated and its response is recorded.  Such an 
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approach requires a mathematical model that can be a set of differential equations 

(ordinal or partial) which is deterministic or stochastic [29] [30].  DBN, though, has its 

challenges. As a parametric based approach, model parameters are estimated through 

extensive and expensive time-course experimentations.   Additionally, it is difficult to 

build precise general models. To accommodate, the true system is simplified to involve 

only relevant component, as selected from accumulated domain knowledge.     Real 

biological systems are open, hierarchical, and interconnected.  Limiting the scope to 

cellular activities allows the dynamic approach to model them as closed systems [31].  

Learning accurate dynamic models requires time series data at all the relevant levels: 

mRNA, protein, and metabolites; their active and inactive forms, their distribution, and 

local concentration, as well as kinetic measurements such as transportation rates and 

reaction rates [32].  

Currently, much of these data are difficult or impossible to acquire. Even if they 

are available, reconstructing fully parameterized dynamic models remains a significant 

challenge. Dynamic approaches are not suitable when the available series data is short; 

when there is uncertainty in the data; and when there are many variables, adding to the 

complexity of the system [33].  There is value in obtaining comparably accurate results 

more quickly, and more economically. The time and financial investment needed for such 

approaches might not be feasible for limited budget experiments. 
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2.2.3 Network Modelling from Correlation and Regression Analyses 

Correlation has been used in inferring associations from large-scale omics data such as 

genomics, proteomics, and metabolomics.  The Pearson Product Moment Correlation 

Coefficient is commonly used to measure the strength of the linear dependence between 

two continuous random variables. It has been used in the construction of association 

networks in omics studies.   Edges connect pairs of variables (i.e. genes) with correlation 

coefficients over a certain threshold.  The relationship between variables is mostly 

coregulation and not causal.  

Graphical Gaussian Models (GGMs) are used in inferring gene association 

networks [34].  A GGM calculates the partial correlation to measure the conditional 

independence between two variables, hence, to distinguish direct associations from 

indirect associations. Note that in a GGM, the missing edges point to a conditional 

independence.  Also, GGMs assume a multivariate normality which is frequently not the 

case for real biological systems [35]. Fuente and Bing [13] reconstructed approximate 

undirected dependency graphs, using partial correlation measures on large-scale 

biological data.  The approach allows a distinction between the direct and indirect 

associations of the biochemical components.  The method constructs a network of 

correlations, where the vertices and edges correspond to the biochemical components and 

strong pairwise correlations.  Because of the symmetric nature of correlation, the edges 

are undirected.  The approach incorporates only those edges whose partial correlation is 

above a predefined threshold.  The use of a partial correlation coefficient measures the 

linear dependency between two variables, removing the effect of a set of controlling 
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random variables.  Partial correlation analysis does not infer a causal relationship. Rather, 

partial correlation analysis helps to reveal hidden correlation- masked by the effect of 

other variables, as well as detect spurious ones. 

One drawback of using a correlation measure for comparing multivariable 

biological data is that the measure can be used only for continuous-type data, whereas 

many biological attributes are discrete.  Furthermore, correlation can measure only the 

linear dependence between two variables, which is unsuitable when there are nonlinear 

relationships between variables, as is the case in many biological systems.  Also, 

Pearson’s correlation can easily be zero for dependent variables [36]. Yet another 

approach to systems biology involves multiple linear regression [37] [38] [39], an 

approach that has been used to determine the effect of a number of independent variables 

on a single variable.  Like dynamic system modelling, however, regression analysis is 

parametric, requiring a parameter estimation step.  Each independent variable has an 

associated parameter, which represents the independent contribution of each independent 

variable to the value of the dependent variable [40].  In comparison, correlation indicates 

whether an association exists between x and y, but does not describe the relationship or 

allow the prediction of one variable from the other, as regression can. 

 

2.2.4 Network Modelling from Clustering Approaches 

Clustering is used to visualize and analyze gene expression data. The approach segregates 

genes with similar expression profiles into clusters with the rational that co-expressed 

genes, being in the same cluster, are likely to be functionally related [29] [41]. However, 
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this does infer direct association among the co-expressed genes, since genes that are 

separated by intermediaries (i.e. indirect associations) can be highly co-expressed.  

Hierarchical clustering [29] [41], represents the relationship among the genes by 

using a tree, and correlation to calculate the degree of similarity between the genes.  

Here, the length of the branches is propositional the degree of similarity.  A cluster is 

formed when the tree is cut at a chosen branch level. Genes within the same cluster, being 

connected to each other, are assumed to regulate each other. [29] [41]. 

 

2.2.5 Network Modelling from Information Theoretic Approaches  

Information theory-based approaches depend on a measure called Mutual Information 

(MI) to compare the biological variables. The approach proposed here, which is 

information-theoretic based, employs mutual information to detect both linear and non-

linear associations between biological variables.    

MI, a more generalized approach for correlation, has several advantages.  First, it 

can detect associations regardless of their linear nature, whereas correlation assumes 

linearity [17].  Secondly, there is no need for parameter estimation, as in Bayesian, 

dynamic control theory, and multiple regression approaches [17].  In addition, MI does 

not require the collection of time-series data and perturbation experiments, as dynamic 

Bayesian and control approaches.  The nature of the data, as well as the objective of the 

study, should dictate which approach to choose.  Where no time-series data are available, 

there are many variables of different types and scale whose relationships may not be 
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linear and are best served with an information theoretic approach, as is the case in this 

thesis.  MI, being data driven, relies on both the quality and size of the sample size.  

Thus, larger sample sizes should improve the prediction confidence.   

MI has been used to compare expression profiles from a set of microarray data by 

computing the pairwise mutual information between every pair of genes to identify 

regulatory relationships.  The Chow-Liu tree algorithm, constructs a maximum weigh 

spanning tree by using mutual information as the measure of association [42]. The 

Context Likelihood of Relatedness algorithm (CLR) is a network inference method that 

transforms the mutual information measure into a weighted z-score [43].  Butte and 

Kohane [44] have used the CLR algorithm for clustering genes in microarray data by 

generating clusters they termed relevance networks of pairwise gene associations.  The 

authors then chose a threshold and displayed only those genes that were linked to others 

with a score higher than the threshold.  Another common information-theoretic approach, 

the Algorithm for the Reconstruction of Accurate Cellular Networks (ARCANE) [45] 

depends on the Data Processing Inequality (DPI) in removing the weakest association 

between any three random variables. 
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2.3 Visualizing Biological Networks 

Biological networks need to be visualized to gain an intuitive understanding of the 

associations and patterns they describe.  There are many approaches for visualizing 

biological network models, each with its strengths and weaknesses [46].  Transforming 

the data into logically structured and visually intuitive representations will simplify 

analysis, and facilitate interpretation of biological networks [46]. The goal is uncover 

patterns that remain hidden in the data [46].  Topics such as network layout and 

clustering are not covered here, since they are not within the scope of this research. 

Approaches for visualizing networks can be narrowed down to two types:  a node 

edge graph or a matrix representation [47].   A node edge graph describes the nodes by 

using geometric shapes (e.g., points and circles) and the edges as lines connecting the 

geometric shapes describing the nodes [47].  In contrast, in a matrix representation, rows 

(i) and columns (j) correspond to variables, and an entry (i, j) is either 1 or 0 if there is or 

isn’t an edge between row a variable i and a column variable j, respectively [47].  A 

variation on the matrix representations has entries with the actual weight of the 

association. 

Several network visualization tools offer the capabilities of selecting and 

highlighting the nodes and edges, based on specific criteria.  For instance, Medusa allows 

users to add and subtract edges by their own discretion, as well as offering the ability to 

display nodes and edges selectively [46].  Alternatively, Cytoscape allows the mapping of 

expression data as border thickness or color, and finds clusters of highly interconnected 

regions.  Cytoscape analyzes the network nodes for various specific centrality 
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parameters, describing the network topology such as distance and degree, allowing the 

users to find the most significant nodes in a complex network [49].  Osprey, yet another 

network visualization system, implements connection filters that examine the connections 

of the nodes and removes those that do not follow the specific connection criteria in 

relation to the number of user specified connections [50]. 

 

2.3.1 Comparison of Biological Networks 

The comparison of biological networks is vital in modern systems biology. It is used to 

discover the missing associations and the differences in the weight of the preserved 

associations, between the compared networks [47].  Association networks of different 

classes of organisms can be compared to show their similarities (and dissimilarities).  The 

graphical display of compared networks is important.  Traditional visual graph 

comparisons rely on techniques that involve standard graph layouts to align networks.   

In this section, visualizations approaches used for network comparison are 

reviewed.   The comparative study of biological association networks across species has 

been the subject of some research.  Species sharing a common ancestor may have similar 

network structures.  Several studies have focused on the alignment of such networks with 

the goal of identifying proteins that share a common ancestor, so-called orthologs [51] 

[52]. In this context, association networks evolve through the gain and the loss of nodes 

and edges [53].   The PathBlast tool is used to compare protein interaction networks 

across species, and to identify evolutionary conserved pathways [54].  PathBlast 

evaluates the link similarity between the networks along the paths of connected nodes by 

using sequence alignment algorithms that are based on correlation scores.  Another 
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approach, Local Graph Alignment, compares networks by an alignment algorithm that 

maximizes the overlap of the edges by utilizing a log-likelihood based scoring function 

[55]. Such approaches align networks only by their link overlap, independent of any node 

homology.  Other approaches incorporate overlapping of nodes in their comparative 

analysis [56]. The edit distance can be used to quantify the similarity of two networks 

[57]. The edit distance is the number of edge insertions or deletions operations performed 

on network A to obtain network B [57].  

Yet another focus of network comparison is visualizing the aligned networks in a 

readable manner.  Networks are aligned by matching the nodes and between two 

compared networks.  The approaches are divided into two categories:  side-by-side and 

all-in-one [47]. The side-by-side approaches visualize aligned networks by drawing them 

side by side with edges connecting the aligned nodes.  However, the additional edges 

tend to decrease the readability because of the increased number of edges.  A variation on 

this is to draw the aligned nodes on a single horizontal line [47]. Another drawback is 

that the larger the difference between the compared networks, the more difficult it 

becomes to visually match the shared nodes.   All-in-one approaches draw the compared 

networks as a single node link graph with the aligned nodes visualized as one node.  

These approaches then depend on labeling to identify which network the node belongs to.  

The challenge here is how to represent the edges, in terms of the network they belong to, 

if they are not shared.  If labeling is used, it reduces the readability of the drawing. 
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Chapter 3 

Methods of Analysis 

 

The proposed approach is conceptualized using granular computing paradigm. 

Granulation involves the process of construction of granules, where larger and higher 

level granules are formed by using smaller and lower level granules (i.e., variables) that 

share similarity and functionality.  Granulation deals with the associations between the 

granules, called interrelationships that form the basis for grouping small objects (i.e., 

variables) together [8]. A granule can be defined as any subset, class, object, or cluster of 

a system.  Hence, a group of objects can be considered a granule by their spatial 

neighbourhood, and cohesion [62]. In the approach, levels 1 and 2 analyses of the 

network are interpreted as the means to construct higher level granules from discretized 

variables.  In the level 1 analysis, the granules are constructed of pairs of variables that 

share a statistically significant value for the expected mutual information, whereas in the 

level 2 analysis, the granules are formed by pairs of variables that are highly connected. 

The proposed approach and the equations for each step are illustrated in Figure 

3.1 [17].   The following section details each process in the analysis, including the 

mathematics behind each key calculation.  Biological variables are initially transformed 

by a discretization schema (at the base level).  Each variable is pairwise compared to 

another, by using only those pairs of observations that are statistically significant.  The 
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resulting calculated value is statistically significant expected mutual information that 

exists between each pair of variables, which in turn, is normalized to yield a value of 

interdependency between 0 and 1 (at level 1).   
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Figure 3.1:  A workflow diagram of the proposed approach.  The approach is divided into several 

levels of analysis. The raw data resides at the base level (trapezoid shape); Computational steps 

(square shapes) are traced to the actual equations (defined later in this chapter); Visualization 

steps are represented by the rounded shapes.   

Next, the variables are classified according to the strength and frequency of the 

associations detected at level 1.  Also, a cumulative measure is used to calculate the total 

associations of any variable with any other one.   The associations detected then form the 

basis of the comparison between the classes.  Figure 3.2 provides a high level overview 

of the proposed approach. 
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Figure 3.2:  A high level overview of the proposed approach. There are two levels of analysis.  

Associations detected at each level are compared and then visualized.  
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3.1 Base Level Data Representation  

Many biological data properties can be organized into various genotypic and phenotypic 

categories, as sets. Each phenotypic and genotypic property is considered a variable, 

where the corresponding value of that property is an outcome.   A variable set is 

represented as 1 2 mX =(X ,X ,...X ),  where X is a random variable, and m is the number 

of variables, indicating the length of the variable set.  Each variable iX  takes up a value 

denoted as i iqX a .  A variable value iqa  is a value taken from a variable value set

{ 1,2,..., },i iq iΓ a q L   where iL  is the number of possible values for the variable iX  , or 

the cardinality of the set. 

This data set can be represented as a two-dimensional matrix with m variables as 

rows and n samples as columns as follows: 

 

11 12 1

21 22 2

1 2

. . .

. . .

. .

. .

. .

. . .
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n n nm
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x x x
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D . 

 

The rows in the n by m data matrix D are viewed as multivariate observations of n 

samples.  The measurements in the i
th

 row (namely, 1,  . . . ,i imx x ) are the measurements on 

the same sample, where, by convention, the upper-case letters refer to the random 
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variables, and the lower-case letters to refer to the observed values. They are arranged in 

a column vector xi defined as 
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, 

Where, xi is viewed as a multivariate observation.  Thus, the n rows of matrix D 

correspond to the n multivariate observations (written as rows in this matrix).  For the 

purpose of this work, the rows of the data matrix D that are also correlated are 

disregarded. In other words, when rows of D constitute a sample, such a sample is 

assumed to be statistically independent.  

 

3.1.1 Preprocess of the Base Level Data 

To analyze variables of different types, they must be transformed into a single common 

discrete type.  Therefore, the set of variables is transformed and discretized into different 

pre-defined intervals for evaluation. The transformed data set is then analyzed for 

statistical interdependency.  The variation in the original data is approximated in the 

discretized dataset. 

For variables with a continuous value, an equal width interval binning 

discretization technique is employed to discretize the variable [58] [59].  After 
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discretization, each variable value is replaced with its corresponding calculated label for 

that property.  Each variable is divided into n equal intervals.  Discretization is 

accomplished by assigning each value in a data set to an interval. The interval boundaries 

and the number of intervals are set as parameters such that [17] 

 

max - min
Interval

n


 
(1) 

where max and min are the maximum and minimum observed values for a variable, and 

Interval is the interval size.  Each property then falls into one of the predefined n 

intervals. The observations that share similar values fall into the same interval and are 

assigned identical discrete values.  This process is repeated for the entire data set, 

producing transformed observations for each variable with a specified accuracy of 

discretization. Here, the data ranges are equal for each interval, and the number of data 

values in each interval varies according to the number of interval and the spread of the 

data [17].   

In this thesis we propose two levels of granulation, also referred to as granulated 

views. A granular view has granules as depicted in Figure 3.3, and pairwise associations 

as seen in Figure 3.4, forming the network topology in Figure 3.5.  The links between 

granules, associations and networks between the two granular views (levels) are 

represented by the dotted lines. The level 1 analysis of the network (Section 3.2) we 

define variables, pairwise associations between these variables forming a granular 

network structure.  The level 2 analysis of the network (Section 3.3) defines a granular 



 

29 

 

view consisting of a subset of level 1 variables, their pairwise associations, forming a less 

granular network structure. 
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Figure 3.3:  The variable granulation at each level, where each variable is a granule.  The 

variables at level 2 of the network are classified into four types (color coded), based on the 

frequency and strength of their convergent associations.  
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Figure 3.4: The pairwise associations between the granules at each level,  where the nodes at level 

2 form a subset of the nodes at level 1, defined by having only those associations that involve at 

least one Highly Connected variable.  The links between the levels are shown as dotted lines. 
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Figure 3.5: The network of the associations between the granules at each level.  The level 2 

network consists of fewer variables and associations than that at level 1, offering a view with a 

reduced set of variables and associations with additional information about the strength and 

frequency of the associations.  (Note, since nodes 3 and 8 are not Highly Connected variables, 

they and their links are ignored in the Level 2 network.)  
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3.2 Level 1: Granular View Consisting of Statistical 

Significance Pairwise Associations 

 

Given two discrete random variables X and Y, the expected mutual information ( , )I X Y

measures the relative entropy between their joint distribution and the product of their 

marginal distributions, and is defined as [60]  

( , )
( , ) ( , ) log

( ) ( )x X y Y

P x y
I X Y P x y

P x P y 

 . (2) 

where ( , )p x y  is the joint probability and ( )p x , ( )p y are the marginal probabilities of X 

and Y respectively. This is a measure of the interdependence between two random 

variables with stronger interdependence corresponding to larger expected mutual 

information.  Statistically, independent variables have zero expected mutual information 

[61] [62] [63]. 

3.2.1 Testing for the Statistical Independence between Two Network 

Variables 

For calculating the statistical interdependence between a pair of variables it is important 

to take into consideration their statistical significance, assuring their association is not 

due to chance and that no significant error is accrued, especially when the information 

from the multiple variables is summed [60]. Evidence of statistical interdependence is 

evaluated by comparing two competing hypotheses between the independence and 

interdependence assumptions.  Since the expected mutual information has an asymptotic 

chi-square distribution [63], a statistical test, based on the chi-square statistics is used.   



 

32 

 

To compare the statistical independence between two outcome values of the 

distinct variables, the following method is adopted [60]. It is based on evaluating the 

standard residual [60].   Denote a joint outcome of the two independent random variables 

X and Y as ( , )
xy

x yo  , where xy
o  represents the joint observation of X x  andY y .  The 

standard residual is defined as [61] [15] 

( )
xy xy

xy

xy

obs(o ) - exp(o )
z

exp(o )
o  , (3) 

Where, ( )
xy

obs o  is the observed frequency, and xy
exp( )o  is the expected frequency for 

the joint observation, xy
o , in the samples.  The calculation of the expected frequency 

assumes that the pair of variable values are independent, with a joint probability equal to 

the product of their marginal probabilities.   

The adjusted residual is defined as [59] 

( )
( )

( )

xy

xy

xy

z o
d

v o
o  , (4) 

where  

( ) (1 ( ))(1 ( ))
xy

v P Po x y   . (5) 

The adjusted residual, ( )
xy

d o , has an asymptotic normal distribution [60]. Consequentially, 

by convention, a statistical significance level of either 95% or 99% can be chosen. Using 

a two-tailed test, the corresponding tabulated threshold values are 1.96 and 2.58, 
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respectively.  A statistically significant event, that is, the two values in the variable-pair 

are statistically interdependent, is 

( )
xy

d No  , (6) 

where Nα is the threshold value with a statistical significance level α. 

 

3.2.2 Detecting Level 1 Associations using Normalized Significant 

Expected Mutual Information 

 
In the following section, two new measures of mutual information, called Significant 

Expected Mutual Information (SEMI) [60] and Normalized Expected Mutual Information 

(NSEMI) are introduced.  A measure of the expected mutual information, involving only 

the significant events in the random variable-pair X and Y, are denoted as *( , )I X Y .  The 

expected mutual information ( , )I X Y as defined in Equation (2) subject to the selections 

from the statistical test, as derived in Equation (6), is denoted as [60] 

*( , ) ( , ) | ( )
xy

I X Y I X Y d No   . (7) 

This measure calculates the significant expected mutual information (SEMI) of events, 

only if they are selected as statistically significant. Joint observations with an adjusted 

residual value lower than the threshold are not added to the total summation step of 

mutual information that is ignored as noise. 
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SEMI, *( , )I X Y , is normalized to produce values between 0 and 1 by dividing it 

to Shannon entropy involving only those events. Shannon entropy, involving the 

significant selected events between two random variables X and Y, is given by [17] 

*( , ) ( , ) log ( , )  |   ( )
xy

x X y Y

H X Y P x y P x y d o N
 

   . (8) 

The normalized significant expected mutual information (NSEMI) based on the selected 

significant events, is defined as [17] 

*( , )
0  *( , )

*( , )
  1

I X Y
R X Y

H X Y
  

 

(9) 

Here, a level 1 granule is a variable pair (X,Y) with an NSEMI greater then a specified 

threshold.   (X,Y)  is a subset of the universal set of all the possible variable pairs.  The 

resulting granular structure is a family of all the subsets of the universal set, forming a 

network structure by using the level 1 analysis.  At this level, the variables themselves 

form the set of basic granules.  

If we denote the expected mutual information matrix of the entire data set D as 

R*, then 

   

   
    

       
 

   
    

       
 

      

      

      

   
    

       
 

 

Note that the matrix is symmetric about the diagonal (R*i j = R*ji for all i, j). The matrix 

describes to a network of information-theoretic based associations that can be illustrated 
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as an undirected graph.  The edges in the network represent statistical dependences 

between the variables, and not direct causal associations. 

 

3.2.3 Pseudocode and Complexity of the NSEMI Algorithm 

This section covers the pseudocode and complexity analysis of the proposed NSEMI 

algorithm. The calculation of NSEMI (Equation 9) is described in Figure 3.6 - 8.  The 

complexity of the NSEMI algorithm is O(n
2
), where n is the number of variables in the 

dataset. 

 

Figure 3.6: The pseudocode describing the algorithm that is used to derive the NSEMI, as defined 

in Equation (9).  The complexity of the algorithm is O(n
2
). 

function NSEMI (dataset D) 

        foreach variable X in dataset D{  // Variable 1 

                foreach variable Y in dataset D{  // Variable 2 

                        var I = 0; 

                        var H = Entropy(X,Y,D); 

    

                        // Cycle through all possible value pair combinations [1,1; 1,2; 1,3; 1,4; 2,1 ... 4,4] 

                        foreach (     ){ // each value x of Variable X  

                                foreach (     ){ // each value y of Variable Y 

 

                                        Fxy = Joint_Frequency(X,Y,x,y,D) // Joint frequency 

                                        if ( Fxy != 0 ) 

                                                var Fx = Frequency(X,x,Y,D); 

                                                var Fy = Frequency(Y,y,X,D); 

                                                var  test =Statistical_Interdependency(X,Y,x,y,D); 

                                                if( abs(test) >= (1)*SD ) 

                                                        I += (Fxy/Total)*(log2((Fxy*Total)/(Fx*Fy)); 

                                        }//End If 

                                }//End For Value y 

                        }//End For Value x       

                        // Normalization Step: 

                        R[X][Y] = I / H; 

                }//End For Variable Y 

        }//End For Variable X 

}//End Function 
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Figure 3.7:  The pseudocode describing the algorithm that is used to derive the Shannon Entropy 

between variables X and Y, as defined in Equation (8).  The complexity of the algorithm is O(1). 

 

 

Figure 3.8:  The pseudocode describing the algorithm that is used to calculate the adjusted 

residual, as defined in Equation (4). The complexity of the algorithm is O(1). 

 

3.3 Level 2 of the Network: Granular View Consisting 

of Summarization of the Convergent Associations 

 

Convergent associations are mutual associations, as determined during the level 1 

analysis, converging on a variable.  The level 2 analysis measures the combined weight 

(i.e., the NSEMI value) of mutual associations, converging on a variable.  Here the 

function Entropy(X,Y,D)  

        var SUMx = 0; // Outer summation term in Entropy function, H.  

        var SUMy = 0; // Inner summation term in Entropy function, H.  

        var Fxy; // Joint frequency.  

        foreach (     ){ // each value x of Variable X  

                foreach (     ){ // each value y of Variable Y  

                        Fxy = Joint_Frequency(X,Y,x,y,D);  

                        if ( Fxy != 0 ){ // 2 covariant positions  

                                SUMy = (Fxy/Total)*log2(Fxy/Total);  

                                SUMx += SUMy;  

                        }//End If  

                }//End Foreach y  

        }//End Foreach x  

        return (-1.0)*SUMx;  

}//End Function  

 

function Statistical_Interdependency(X, Y, x, y, D)  

        var Fx = Frequency(X,x,Y,D);  

        var Fy = Frequency(Y,y,X,D);  

        var exp = (Fx/Total)*(Fy/ Total)* Total; // expected joint frequency.  

        var obs = Joint_Frequency(X,Y,x,y,D); // observed joint frequency.  

        return (obs - exp)/sqrt(exp*(1-(Fx/ Total))*(1-(Fy/ Total)));  

}//End Function  
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proposal is two alternative measures: one is based on the total sum of all converging 

variables; another is based on the selected sum comprising of only those convergent 

associations that are strong. 

The total amount of interdependency, expressed on a given variable X induced by 

the detection of the normalized significant expected mutual information, R* is calculated 

as [17] 

1,
*( , )( )

i

n

ii X Y
R X YMR X

 
 . (10) 

Each variable has a cumulative NSEMI value that indicates the amount of association this 

variable is participating in with all the other variables in total. 

Some variables can have large values due to many weak associations or a few 

strong associations. The variables need to be segregated into types according to the 

number and strength of associations.  To do so, the concept of Highly Connected (HC) 

variables is chosen.  Each variable is classified into four types in relation to its number of 

strong pairwise associations, as determined at level 1 of the network.  This is a form of 

variable granulation, offering a more abstract (i.e., less granular) representation of each 

variable.  Sections 3.3.1 - 3.3.4 define and illustrate each of the four types.   

Given a set X=(X1,X2,,…,Xm) with m random variables, let Xi be a random variable 

belonging to the set X.  Let Ci be a variable set which is a subset of X, representing the set 

of all the connected variables converging on Xi, with a NSEMI value greater than 0 

(equation 9), 
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   {    | 
 (     )           }  (11) 

Let SCi be a variable set which is a subset of Ci, representing the set of all strongly 

connected variables convergent on Xi (where SCi≠ Xi) having a NSEMI value greater than 

some classified threshold,   , where t=(1,2,3), corresponding to the 3 types of highly 

connected variables (Sections 3.3.1 - 3.3.3), 

    {      | 
 (      )             }  (12) 

Variable Xi is defined as a HC variable if its corresponding SCi set is not empty, and has 

more than μhc number of variables,  

           {
     
|   |     

  
(13) 

where μhc is the expected number of strong associations a variable participates in and is 

expressed as 

    
∑ |   |
 
 

 
  

(14) 

Appendix C, provides a sample calculation for determining HC variable Type. 

3.3.1 Type 1 Variable: Extremely Strong and Highly Connected  

This set of variables has an above average (μhc) number of associations that are at least 4 

standard deviations (θ1) greater than the mean of NSEMI, as depicted in Figure 3.9. 
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Highly 

Connected

variable

 

Figure 3.9:  A type 1 network variable is a variable that has an above-average number of edges 

with extremely strong association (the strength is visualized by using thicker edges). 

3.3.2 Type 2 Variable: Strong and Highly Connected  

This set of variables has an above-average (μhc) number of associations that are at least 1 

standard deviation (θ2) greater than the mean NSEMI, as denoted in Figure 3.10.   

Highly 

Connected

variable

 

Figure 3.10:  A type 2 network variable is a variable that is has an above-average number of 

edges with a strong association (the strength is visualized by using thicker edges). 
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3.3.3 Type 3 Variable: Moderately-Strong and Highly-Connected 

This set of variables has an above-average (μhc) number of associations, all greater than 

the mean (θ3) of NSEMI, as illustrated in Figure 3.11. 

Highly 

Connected

variable

 

Figure 3.11:  A type 3 network variable is a variable that is has an above-average number of 

edges with moderately strong association (the strength is visualized by using thicker edges). 

 

3.3.4 Other Types of Variables (Type 4): Weak and Disregarded 

Figure 3.12 represents the last type that consists of the set of variables that are not 

classified as Type 1, 2, or 3.   These variables are not incorporated in the level 2 analysis 

of the network.  

 

Figure 3.12:  A non-highly connected variable is represented. 
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3.3.5 Importance of the Level 2 Variable Granulation 

In this thesis it is argued that variable connectivity is a factor in deciding the accuracy of 

edge detection.   In the level 1 analysis, only those pair-wise associations that are 

statistically significant and strong, based on a calculated threshold, are considered.  

However, global-type associations are not included in the determination.  Figure 3.13 

relates that the analysis space consists of only pairs of variables (Figure 3.13). 

Variable X Variable Y

 

Figure 3.13:  The analysis of the association in level 1 between network variables X and Y  detects 

associations by only considering the strength of the mutual information that exists between X and 

Y (solid line).  The strength and frequency of the associations of the surrounding variables (dotted 

lines), directly connected to either variable are ignored. 

 

Incorporating the frequency and the strength of the associations means expanding the 

analysis space to include not only a pair of associations but also the neighbourhood as 

portrayed in Figure 3.14.  The neighbourhood includes all of the statistically strong 

associations that a variable participates in. 
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Variable X Variable Y

 

Figure 3.14:  The analysis of the associations in level 2 of the network between variables X, and 

Y.  At this level, the analysis is expanded to include the strengths and frequency of the 

associations of the surrounding variables that are directly connected to either variable. 

 

The level 2 analysis of the network explores the mutual information, convergent 

on a particular variable.  In the first part of the analysis, each observed association is 

summed to produce a measure, defined as the Cumulative NSEMI.  This quantity 

measures the total amount of association (as determined in the level 1 analysis), random 

variable X shares with every other variable, by summation calculation. Cumulative 

NSEMI is a measure of the global association, and thus, an indication of how much 

mutual information it shares with the remaining variables in the set.  So what does the 

quantity tell us about X? What does a large value mean? There are two contributing 

factors to its value: the frequency and the strength of the observed associations the 

variable shares with other variables.  By incorporating the strength and frequency of the 

shared associations, it is possible to describe a variable more precisely, ignore the 

associations that are too small to consider; and to classify the variable as one of the four 

types with only strong convergent associations. The resulting network is more descriptive 

and concise, offering a novel representation that is devoid of weak associations with 
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nodes incorporating the convergent information.  Such a representation can then form a 

new basis for comparative analysis, that is, comparing level 2 variables and their mutual 

associations rather than comparing each detected association and variable as observed 

during level 1 analysis. 

 

3.3.6 Detecting Level 2 Associations 

Pairwise associations at this granular view (formed during level 2 analysis) incorporate 

the variable type information.  Only those pairwise associations that have been detected 

during the level 1 analysis and have at least one variable classified as an HC variable type 

are accepted as having an edge.  They are summarized in Table 3.1. 

Table 3.1:  A list of the accepted and rejected associations in the level 2 analysis of the network. 

Accepted Associations Ignored Associations 

Type 1 – Type 1 Type 4 – Type 4 

Type 1 – Type 2  

Type 1 – Type 3  

Type 1 – Type 4  

Type 2 – Type 2  

Type 2 – Type 3  

Type 2 – Type 4  

Type 3 – Type 3  

Type 3 – Type 4  
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At the level 1 analysis of the network, only the NSEMI between a pair of 

variables is considered.  Here, an association (i.e., network edge) between two random 

variables exists if their NSEMI exceeds a given threshold, as illustrated in Figure 3.15 

and described in Figure 3.16. The level 1 threshold is defined as being 3 or 4 standard 

deviations above the mean. 

Variable

X

Variable 

Y

 

Figure 3.15:  Level 1 analysis considers only the NSEMI between a pair of variables (i.e. network 

nodes), X, and Y.  An association (i.e. network edge) exists if it has a strong NSEMI. 

 

  

Figure 3.16:  The pseudocode describing algorithm used to determine if an association (i.e. 

network edge) exists between variables (i.e. network nodes) X and Y during level 1 analysis. The 

complexity is O(n
2
). 

 

In the level 2 analysis of the network, the variable-type information is included.  

Here, an association (i.e., network edge) between a pair of random variables exists, if it 

has a strong NSEMI exceeding a threshold value (as determined during the level 1 

analysis) and at least one the variables is classified as a HC variable (as determined 

function Level1Edges 

        foreach level1 threshold t   // standard deviations above the mean 

                foreach variable X in dataset D  // Variable 1 

                        foreach variable Y in dataset D  // Variable 2 

                                if (Tb[x][y] ≥ Tsd[x][t] or Tb[x][y] ≥ Tsd[y][t])  

                                        set Edge[x][y] to true 

                                else 

                                        set Edge[x][y] to false 
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during the level 2 analysis).  This is illustrated in Figure 3.17 and described in Figure 

3.18. 

Highly 

Connected

variable

 

Figure 3.17:  In level 2, variable type information is incorporated. An association (i.e. network 

edge) exists if it has a strong NSEMI and one of the variables is classified as a HC variable. 

 

  

Figure 3.18:  The pseudocode describing the algorithm that is used to determine if an association 

(i.e. network edge) exists between the variables (i.e., network nodes) X and Y during the level 2 

analysis of the network. The complexity is O(n
2
). 

 

function Level2Edges 

        foreach level1 threshold t // standard deviations above the mean 

                foreach level2 class c // class 1, 2, or 3 

                        foreach variable X in dataset D  // Variable 1 

                                foreach variable Y in dataset D  // Variable 2 

                                        if (Tb[x][y] ≥ Tsd[x][t] or Tb[x][y] ≥ Tsd[y][t] and 

                                            (Tclass[x][c] = 1 or Tclass[y][c] = 1 ))  

                                                set Edge[x][y] to true 

                                        else 

                                                set Edge[x][y] to false 
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3.4 Comparative Analysis between Two Networks 

To understand and represent the complexity of a multiple level structure of varying 

granularity, a multi-level associative network, based on the evaluation presented in this 

thesis can be constructed, resulting in better control and more flexible analysis. Models 

can be compared on multiple levels of granulation, as reflected in Figure 3.19. 

Computation involves the comparison from within the same level across different 

hierarchies representing distinct types. Consider a pair of systems representing two 

networks, sharing the same variables.  A comparison between first level mutual 

associations is made by comparing the measured values of NSEMI between 

corresponding pairs.  This is defined as 

* * *
 1 class 2( , ) ( , ) ( , )Difference classR X Y R X Y R X Y   (15) 

where X, and Y are two random variables that are present considering only the data in 

each of the two classes.  This measure allows identifying the patterns of differential 

pairwise associations.  A positive value indicates that the association is stronger in Class 

1, whereas a negative one indicates the opposite, with a stronger pairwise association in 

Class 2.  

For example, if we compare a transgenic animal (class 1) with a conventional one 

(class 2), this computation compares the associations that are due to the transgene.  A 

comparison of the two second level convergent associations then determines the 

differences with respect to the cumulative measures, such that 



 

47 

 

* * *
1 2( , ) ( , ) |( ) |Difference class classy Y

X Y X YMR X R R


   (16) 

At this level of comparison, we are interested in identifying those variables that are 

differentially associated between the classes.   This cumulative differential measure, 

allows for the identification of differences at the variable level.  The quantity calculates 

the absolute value of the difference between all the corresponding NSEMI values for 

variable X between the two classes and then adds them to attain a positive total.  By 

taking the absolute value, we are assuring that the differences between the corresponding 

associations are not offset by the other corresponding associations in the total.  Consider 

the following sample calculation: 

Step 1: Matrix subtraction, applying Equation 15.  Each matrix holds NSEMI between 

each pair of variable per class. This example is a 3x3 matrix, a network of three variables 

(X, Y, Z): 

1 2

1 0 0.25 1 0 0.25 0 0 0

0.5 1 0 0.55 1 0 0.05 0 0

0.3 0.4 1 0.25 0.4 1 0.05 0 0
Class Class Difference

     
     

       
     
     

 

Step 2: Sum the difference for each variable, i.e., calculate the column totals. 

( , , ) (0,0,0)X Y Z   

The result proves that there are no differences for either variable, which is, of course, 

false.  Variable X (first column) is differentially associated between the two classes, but 

the total ignores this.  In contrast, by taking the absolute value of the difference and 

adding it across we get 
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( , , ) (0.1,0,0)X Y Z  . 

By taking the absolute value of the difference, information is preserved that otherwise 

would have been lost.  The idea is to quantify the total differences in the detected 

associations between the classes. 
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Figure 3.19:  The system-wide multi-level comparison between the two classes as defined by the 

two models (i.e., pig line, or sexes), with respect to the detected associations at levels 1 and 2 of 

the networks.  
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Chapter 4 

Experimental Evaluations: Detecting the Network 

Topology Using Benchmark Data 

 

The benchmark data is chosen as a gold standard network, whose structure is known to 

test the proposed approach in order to predict the underlying structure. 

 

4.1 Description of the Data Used in the Benchmark 

Evaluations 

This benchmark data is obtained from the in silico (performed on computer or via 

computer simulation) network challenge for biological networks. The network inference 

challenge explores the extent to which gene regulatory networks of varying size and 

density can be reverse engineered [64] [65] [66].  The network structures are extracted 

from the known transcriptional regulatory networks of S. cerevisiae and E. coli 

organisms.  The dynamic models are then generated to model each network’s dynamic 

response by using thermodynamic principles.   Continuous differential equations that 

model the gene expression regulatory functions are used to generate the in silico 

observations.  To account for a “simulated” measurement error, a small amount of 

Guassian noise is added. The experiment consists of five networks, with a known “Gold 



 

50 

 

Standard” structure.  Since the objective of our research is to reconstruct an association 

network and not a gene regulation network (as is the purpose of the challenge this data 

was taken from), we focused in our evaluations only on whether an association (i.e., 

edge) exists (such as for gene A and B being associated).   Association directionality is 

not considered.     

The dataset contains samples obtained by applying multifactorial perturbations on 

the original network.  Each sample is an outcome of a different perturbation experiment.   

Multifactor perturbations are simulated by gradually incrementing and decrementing each 

gene’s basal activation simultaneously by different random amounts.  Five different 

datasets are provided, each with a size of 100 genes.  There are 100 samples per dataset. 

This data and its description are available for downloading and use, and can be found 

online [67]. 

 

4.2 Performance Assessment of Network Modelling  

Prediction results are evaluated for true positive rate (TPR), false positive rate (FPR), and 

accuracy (ACC). The accuracy of a measurement means how close the measurement is to 

its actual or true value.  There are four possible outcomes: true positive (TP), true 

negative (TN), false positive (FP) and false negative (FN).  Using these measures, 

accuracy is defined as 
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   ACC  TP  TN  /  P  N   , (17) 

where P is sum of TP with FN and N is the sum of FP with TN. The true positive rate 

(also referred to as sensitivity) measures the proportion of actual positives which are 

correctly identified as such.  It is defined as, 

TPR  TP /  P . (18) 

The false positive rate measures the proportion of incorrectly identified positives.  It is 

defined as 

FPR  FP /  N . (19) 

The accuracy can be alternatively evaluated by using the Mathew Correlation Coefficient 

(MCC) and the F-Measure [68].  The MCC is in principle a correlation coefficient 

between the observed and expected binary classifications.  It is defined as, 

(TP*TN - FP*FN)
MCC  

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
 . (20) 

The F-measure, used primarily in the field of information retrieval, does not take into 

account true negatives, and is defined as 

F1= 2TP / (2TP + FP + FN) . (21) 

As a rule of thumb, a chi-squared test is unsuitable where there is an expected 

value of observations per cell in a contingency table of less than 5 (or10 if there in one 

degree of freedom).  In the cases where the data are small, or sparse, the p-values can be 

quite different, potentially leading to falsely accepting the wrong hypothesis [69]. 
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The benchmark data used here consists of five datasets, each with a total 100 

samples.  To satisfy the previous mentioned rule, a minimum of 10 intervals results in an 

expected value of 10 samples per interval.  Eight intervals are chosen, increasing the 

expected sample size by 20% to 12.5 samples per cell.  

4.3 Benchmark Evaluations: Results 

We have chosen to compare the outcomes for each dataset by using a confidence level of 

99% and a level 1 threshold of 3 standard deviations above the mean (see Appendix B for 

the results generated by using different level 1 thresholds, using a 99% and 95% 

confidence level).  The results, incorporating level 2 analysis of the network for each 

dataset tested, are presented in the following sections. 

 

4.3.1 Results for Dataset 1 

The results for dataset 1 are summarized in Table 4.1 and illustrated in Figure 4.1, both 

indicating how well our approach performed in six cases (as identified in the first table 

column): 

1. Level 1 without the level 2 analysis:  Here, only NSEMI is used to infer the 

variable (i.e., gene) associations. 

2. Level 1 with the level 2 analysis, using only Type 1 HC variables:  The pairwise 

associations consist of only those variable pairs with a NSEMI exceeding certain 

threshold with at least one of the variables belonging to the set of Type 1 HC 

variables.  
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3. Level 1 with the level 2 analysis, using only Type 2 HC variables:  The pairwise 

associations consist of only those variable pairs with a NSEMI exceeding a 

certain threshold with at least one of the variables belonging to the set of Type 2 

HC variables. 

4. Level 1 with the level 2 analysis, using only Type 3 HC variables:  The pairwise 

associations consist of only those variable pairs with a NSEMI exceeding certain 

threshold with at least one of the variables belonging to the set of Type 3 HC 

variables. 

5. Level 1 with the level 2 analysis, using only Type 1 or 2 HC variables: The 

pairwise associations consist of only those variable pairs with a NSEMI 

exceeding certain threshold with at least one of the variables belonging to the sets 

of Type 1 HC variables or Type 2 HC variables. 

6. Level 1 with the level 2 analysis, using only Type 1, 2, or 3 HC variables:  The 

pairwise associations consist of only those variable pairs with a NSEMI 

exceeding certain threshold with at least one of the variables belonging to the sets 

of HC variables (Type 1, 2, or 3). 

Each case is examined for performance: true and false positive rates, and overall 

accuracy (ACC).  We also present two other, lesser used, alternative measures for 

accuracy, namely, the F-Measure and the Matthews Correlation Coefficient (MCC). The 

histogram, Figure 4.1, depicts both the observed (for each of the level 2 cases), and 

expected frequencies of the detected associations.  The histogram displays overlap 

between the HC variables and expected variable connectivity.  The X-axis indicates the 

variables; the Y-axis, the number of connections a variable has. The value of this plot is 
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that it allows us to visually explore the true positives, or the overlapped peaks, and the 

false positives, or the misaligned peaks, where a peak is observed but not expected. 

At a 99% confidence, the level 2 analysis of the network has a decreased true 

positive count by at least 1 count (Type 1), corresponding to less than a 5% drop with 

significantly decreasing levels of the false positives by, at most, 19 counts (Type 1), 

corresponding to a 35% decrease.  The best scores for accuracy and MCC were observed 

with level 2 analysis in type 1 nodes. Figure 4.1 shows that most of the HC variables 

overlap with the expected peaks, and that there is a low number of misaligned peaks, 

indicating a low number of false positives.  

 

Table 4.1:  Dataset 1 performance, using a confidence level of 99%. 

Level 2 TP TN FP FN TPR FPR ACC F MCC 

None 22 4726 55 147 0.130178 0.011504 0.959192 0.178862 0.174146 

Type 1 21 4744 36 149 0.123529 0.007531 0.962626 0.185022 0.197999 

Type 2 18 4738 43 151 0.106509 0.008994 0.960808 0.156522 0.160509 

Type 3 19 4740 41 150 0.112426 0.008576 0.961414 0.165939 0.172338 

Type 1,2 21 4738 42 149 0.118343 0.008994 0.961212 0.172414 0.177144 

Type 1,2,3 21 4736 44 149 0.118343 0.009412 0.960808 0.17094 0.173766 

* true positive (TP), true negative (TN), false positive (FP), false negative (FN),  true positive rate (TPR), 

false positive rate (FPR), Accuracy (ACC), F-measure (F), Matthews correlation coefficient (MCC). The 

bolded notations correspond to the best performances. 
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Figure 4.1:  A stacked area histogram chart displays the frequency of the detected and known 

associations for each variable (i.e., gene) in dataset 1 with 99% confidence level. 

 

4.3.2 Results for Dataset 2 

A summary of the results for dataset 2 are presented in Table 4.2 and shown in Figure 

4.2.  At the 99% confidence level, the level 2 analysis reveals a decreased true positive 

count by only 1 (9%) in all the types of cases, and significantly decreasing levels of false 

positives by, at most ,15 counts (types 1 and 3), corresponding to a 33% drop.  The best 

scores for Accuracy and MCC are observed in the level 2 analysis in types 1 and 3.  

Figure 4.2 reflects that most of the observed peaks, for each level 2 type – overlap 

consistently with the expected peaks.  
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Table 4.2:  Dataset 2 performance, using a confidence level of 99%. 

Level 2 TP TN FP FN TPR FPR ACC F MCC 

None 15 4656 52 227 0.061983 0.011045 0.943636 0.097087 0.095058 

Type 1 14 4673 35 228 0.057851 0.007434 0.946869 0.09622 0.109815 

Type 2 14 4670 38 228 0.057851 0.008071 0.946263 0.095238 0.105286 

Type 3 14 4673 35 228 0.057851 0.007434 0.946869 0.09622 0.109815 

Type 1,2 14 4667 41 228 0.057851 0.008709 0.945657 0.094276 0.101094 

Type 1,2,3 14 4664 44 228 0.057851 0.009346 0.945051 0.093333 0.097198 

 

 

Figure 4.2:  The stacked area histogram chart displays the frequency of the detected and known 

associations for each variable (i.e., gene) in dataset 2 at the 99% confidence level. 

 

4.3.3 Results for Dataset 3 

The results for dataset 3 are listed in Table 4.3 and illustrated in Figure 4.3.  At the 99% 

confidence level, occurs a small drop, in the range 3 to 5, in the levels of the true 

positives, but a significant drop, in the range of 10 to 14, in the number of false positives 

is observed.  The level 2 analysis indicates a 33% reduction in the false positive counts, 
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and 9% reductions in the true positive counts.  Type 3 shows the best values for Accuracy 

and MCC with type 1 producing the second-best results.  The F-measure is the highest 

when the level 2 analysis is not incorporated.  Note that the F-measure does not take into 

account the number of true negatives, which are the lowest in the absence of the level 2 

analysis.  Figure 4.3 signifies that most of the observed peaks, for each level 2 type 

overlap consistently with the expected peaks. 

 

Table 4.3:  Dataset 3performance, using a confidence level of 99%. 

Level2 TP TN FP FN TPR FPR ACC F MCC 

None 34 4716 42 158 0.177083 0.008827 0.959596 0.253731 0.264231 

Type 1 29 4730 28 163 0.151042 0.005885 0.961414 0.232932 0.262709 

Type 2 29 4728 30 163 0.151042 0.006305 0.96101 0.231076 0.257523 

Type 3 31 4730 28 161 0.161458 0.005885 0.961818 0.247012 0.276805 

Type 1,2 29 4726 32 163 0.151042 0.006726 0.960606 0.229249 0.252582 

Type 1,2,3 31 4726 32 161 0.161458 0.006726 0.96101 0.243137 0.266535 
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Figure 4.3:  The stacked area histogram chart displays the frequency of the detected and known 

associations for each variable (i.e., gene) in dataset 3 at the 99% confidence level. 

 

4.3.4 Results for Dataset 4 

Table 4.4 and Figure 4.4 relate the results for dataset 4.  At the 99% confidence level, 

occurs small drop, in the range 1 to 2, in the levels of the true positives, but a significant 

drop, in the range of 4to16, in the number of false positives is observed.  The best results 

are observed in level 2, type 1 variables with the highest values for Accuracy and the 

MCC being the result of slight change (9%) in true positive levels, coupled by a 

significantly greater drop (27%) in the false positive levels.   Figure 4.4 shows that most 

of the observed peaks, for each level 2 type, overlap consistently with the expected peaks. 
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Table 4.4:  Dataset 4 performance, using a confidence level of 99%. 

Level2 TP TN FP FN TPR FPR ACC F MCC 

None 29 4684 59 178 0.140097 0.012439 0.952121 0.19661 0.193379 

Type 1 27 4701 43 179 0.131068 0.009064 0.955152 0.195652 0.206358 

Type 2 28 4694 49 179 0.135266 0.010331 0.953939 0.197183 0.202093 

Type 3 27 4695 48 180 0.130435 0.01012 0.953939 0.191489 0.197157 

Type 1,2 28 4690 53 179 0.135266 0.011174 0.953131 0.194444 0.19579 

Type 1,2,3 28 4688 55 179 0.135266 0.011596 0.952727 0.193103 0.192799 

 

 

Figure 4.4:  The stacked area histogram chart displays the frequency of the detected and known 

associations for each variable (i.e., gene) in dataset 4 at the 99% confidence level. 

  

4.3.5 Results for Dataset 5 

A summary of results for dataset 5 are presented in Table 4.5 and shown in Figure 4.5.  

At the 99% confidence level, little or no change occurs in the levels of true positives, but 

significant drops in the levels of the false positives (33% drop).  Level 2, type 1 yield the 

best values for the false positive rate and accuracy (ACC).  Level 2 for all three types of 
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HC variables, produces the best values for the F-Measure and MCC, primarily because 

there is no drop in the levels of the true positives and in the true positive rate.  These 

results show that any level 2 type or any combination results in a higher accuracy than 

that for only the level 1 analysis for determining the associations.  Like the previous 

datasets, Figure 4.5 shows that most of the observed peaks for each level 2 type overlap 

consistently with the expected peaks. 

Table 4.5:  Dataset 5 performance, using a confidence level of 99%. 

Level 2 TP TN FP FN TPR FPR ACC F MCC 

None 25 4695 64 166 0.13089 0.013448 0.953535 0.178571 0.170231 

Type 1 23 4716 43 168 0.120419 0.009036 0.957374 0.178988 0.18704 

Type 2 22 4714 45 169 0.115183 0.009456 0.956768 0.170543 0.176231 

Type 3 23 4711 48 168 0.120419 0.010086 0.956364 0.175573 0.178725 

Type 1,2 24 4710 49 167 0.125654 0.010296 0.956364 0.181818 0.184325 

Type 1,2,3 25 4708 51 166 0.13089 0.010717 0.956162 0.187266 0.188249 
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Figure 4.5:  The stacked area histogram chart displays the frequency of the detected and known 

associations for each variable (i.e., gene) in dataset 5 at the 99% confidence level. 

 

4.4 Evaluations of the Benchmark Data: Discussion 

The level 1 analysis of the network takes into account only the observations that are 

statistically significant when using residual analysis, and  accepts associations that are 

statistically well above the mean of the calculated associations.  This approach results in 

performances that have a considerable number of false positives.  The interest is in 

significantly minimizing these levels without significantly and negatively affecting levels 

of true positives, and is accomplished by incorporating the level 2 analysis into the 

proposed association detection algorithm.  Rather than accepting  strong pairwise 

associations as the only criterion for edge detection, the decision is restricted to include 

only those associations that have at least one variable classified as HC (type 1,2, or 3), a 

restriction that is expected to lower the number of observed false positives.   
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The results show, for each dataset, significantly lower counts of false positives 

than true positives.  In fact, in dataset 5 at a 99% confidence level and dataset 4 at a 95% 

confidence level (see Appendix B), no reduction occurs in number of true positives.  For 

the most part, it is evident that at either significance level, higher values are found for 

Accuracy, and MCC scores.  The F-measure did not yield a reliable score in determining 

the success, producing an ambiguous decision.  We believe that the F-measure is not 

appropriate for treating this sort of data, where false positive counts should be weighted 

equitably to the true positive counts.  In contrast, the F-measure gives twice the weight 

for the true positives, discounting the false negatives, which by nature favour the level 1 

analysis which always have more true positives and fewer true negatives.  In contrast, 

both the Accuracy and MCC take into account all four possible outcomes, giving them 

equal weight.  

The analyses have been conducted at both the 95% (results for lower confidence 

levels are summarized in Appendix B) and 99% confidence levels to confirm that the 

outcome, indeed, remains unchanged. The edge predictions are more accurate with the 

level 2 integration for both confidence levels. It is also worthy that of the three types of 

HC variables, type 1 consistently produced the best outcomes for the false positive rates 

as well as for accuracy.  The type 1 HC variables are identified on the basis of having 

substantially above average (4 standard deviations above the mean) strong associations.  

In contrast, types 2 and 3 utilize a lower threshold for defining the association strength.  

This is expected, since type 1 variables are defined as having the most and strongest 

associations. The total amount of mutual information converging on a variable, classified 
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as type 1, is the largest of the three types, and hence, these variables are more likely to 

participate in a mutual association, as it observed with the benchmark dataset. 

The investigation’s results for all five datasets support the significance of the 

second level analysis.  It is argued in Chapter 3 that variable connectivity is a factor in 

determining the accuracy of the edge detection.   In the level 1 analysis, only those pair-

wise associations that are statistically significant and strong, based on a calculated 

threshold, are considered.  No type of global association is considered.  By incorporating 

the strength and the frequency of the surrounding associations, a variable is described 

more completely. The associations that are too small to consider are ignored. Moreover, 

the variable is classified as belonging to one of four types while only the strong 

convergent associations are considered. The variables that are classified as HC, by 

definition, are more likely to be part of an association.  Consequentially, it stands to 

reason that associations that involve a HC variable are less likely to be false.  The level 2 

networks exhibit fewer nodes and edges then in level 1 networks, lowering counts of true 

and false positives. Given the nature and impact of a HC variable, a more significant drop 

in false positives than true positives is expected in this investigation. All five datasets 

support such expectations.   

The level 2 networks are more concise and accurate, offering a view that is devoid 

of weak associations with nodes incorporating convergent information. 
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Chapter 5 

Comparative Evaluations 

5.1 Comparing to Bayesian Network Discovery 

For comparison, a second experiment is performed using the Bayesian network by 

recovering the network structure [70] [71]. Bayesian network inference is a commonly 

used method for inferring associations between biological components. The first step in 

the method is to infer an initial Bayesian network structure. The frequently used BDeu 

and K2 scoring algorithms are chosen [70] [71].  Both algorithms, like the proposed one, 

are designed to handle discrete rather than continuous inputs forming a good basis for 

comparison.  Both algorithms rely on a scoring function to select the graph structure that 

maximizes the score. The scoring function is used along with a search algorithm to 

measure the goodness-of-fit of each alternative structure. BDeu and K2 both measure the 

marginal likelihood defined by P(D|G), where D and G denote the data and network 

structure, respectively. The algorithms differ in the choice of the priors for the 

conditional Dirichlet distributions of the network parameters. The software, GeNIe 2.0 

[72] for carrying out the experiments was developed by the Design Systems Laboratory 

at the University of Pittsburgh. The software generates a Bayesian network of 

associations for the Benchmark dataset, described in Section 4.1, with both the BDeu and 

K2 scoring algorithms. The resulting associations are then compared with those detected 

by the method proposed in this thesis. 
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Both Bayesian network structure recovering algorithms employ a non-restricted, 

two-stage, thick-thin greedy search (GTT) over the space of graphs. Starting with an 

empty graph, the GTT algorithm iteratively adds the arc that does not result in a cycle, 

and maximally increases the marginal likelihood until no arc addition produces a positive 

increase in the score. This is then followed by a step that iteratively removes the arcs, 

until no arc deletion results in a positive increase in the maximal likelihood. The 

algorithm assumes no ordering on the nodes. 

The purpose of this comparative analysis is to determine how well the novel 

approach performs in comparison to two known scoring functions for learning Bayesian 

networks.  The findings of this experiment are presented next.  

 

5.1.1 Datasets, Results, and Discussion 

The different network discovery methods are compared by using five datasets from the 

DREAM4 challenge [67].   They are obtained by applying multifactorial perturbations to 

the original network.  The comparative results are summarized in Table 5.1.  The results 

from the proposed method incorporate the level 2 analysis of the network, by employing 

only type 1 HC variables (benchmark observations show that of the three types of HC 

variables, type 1 consistently produced the best outcomes for the false positive rates as 

well as for accuracy).    The results from using the Bayesian scoring function, K2 and 

BDeu, produce network predictions with a small number of true positives and a larger 

number of false positives in all five datasets.  BDeu produces a very low number of true 

positives (ranging from 0 to 6), and very low numbers of false positives (ranging from 0 

to 8).  The predictions, generated by the BDeu scoring function, are quite accurate, but 
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quite sparse, resulting in a learned network with only a few nodes (no nodes are 

recovered for dataset 2), and, as in the case of datasets 1 and 5, are mostly false positive.  

In comparison, both our approach and the K2 scoring function present denser network 

structures, than BDeu, with higher numbers for both the true and false positive 

associations.   

In this research, the two-level granular approach produces better predictions 

regardless of the choice of  confidence level (95%, 99%) or level 1 threshold (3 or 4 

standard deviations above the mean).  Also, higher counts of true positives, combined 

with lower counts of false positives produce higher accuracy than what was observed 

with the K2 scoring function.  A reduction in the level 1 threshold results in a significant 

decrease in the false positive counts, and smaller ones in the true positive count, 

consequently produces the highest accuracies. 

Moreover, the proposed approach produces an improvement in the counts of false 

positives with or without the level 2 analysis of the network over K2.  Despite this, only 

slight improvements in Accuracy (ACC) appear.  Each approach compared here has 

revealed a high number of true negatives.   The smaller number of false positives is 

somewhat offset by the larger counts of true negatives, affecting the overall accuracy 

(Equation 17), but not so much since percentage increase in true negatives is marginally 

higher, given the already large number of true negatives.    

This comparative analysis proves that the two-level network discovery approach 

improves the overall accuracy compared to both Bayesian methods.  Interestingly, even 

without the level 2 analysis of the network, calculating NSEMI with a threshold of 3 
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standard deviations above the mean still predicts a network with lower counts of false 

positives and larger counts of true positives, compared to the K2 method.  The 

incorporation of the level 2 analysis of the network demonstrates the ability to reinforce 

the association prediction by significantly reducing the number of false positives with 

little change in terms of true positives. 

Table 5.1:  A summary of the comparative results where the best accuracies for each dataset are 

in bold. 

Model  Dataset 1  Dataset 2  Dataset 3  Dataset 4  Dataset 5  

 TP FP ACC TP FP ACC TP FP ACC TP FP ACC TP FP ACC 

NSEMI1 95% 21 62 0.957576 17 45 0.945455 36 43 0.959798 33 40 0.956768 29 42 0.958788 

NSEMI 1 

99% 

22 55 0.959192 15 52 0.943636 34 42 0.959596 29 59 0.952121 25 64 0.953535 

NSEMI2 95% 19 47 0.96020 15 35 0.94707 34 30 0.96202 29 30 0.95798 25 35 0.96020 

NSEMI2 99% 21 36 0.96262 14 35 0.94686 31 28 0.96181 27 43 0.95515 23 43 0.95737 

NSEMI2        

95%* 

14 11 0.96646 9 9 0.95111 20 6 0.96404 18 9 0.96 13 6 0.96262 

NSEMI2 

99%* 

12 11 0.96606 7 6 0.95131 20 11 0.96303 18 7 0.96040 10 11 0.96121 

K2 9 62 0. 9551 11 52 0.94282 25 45 0.95717 18 60 0.94969 11 66 0. 9503 

BDeu  1  8  0.96444 0  0  0.95111 6  5  0.96041 5 1 0.95899 2 8 0.96020 

* These results are generated by using the highest level 1 threshold with a standard deviation of 4 above the 

mean. 
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5.2 Comparison and Integration of Mutual Information 

in Network Discovery 

 

Mutual information is used for network discovery to infer pairwise associations between 

genes.  The following two methods, CLR and ARACNE, are reviewed.  The proposed 

level 2 analysis is integrated into each of these methods, and named CLR2 and 

ARACNE2, respectively.  

5.2.1 Context Likelihood of Relatedness (CLR) with the Level 2 

Analysis (CLR2) 
 

The CLR algorithm calculates a score from the empirical distribution of the mutual 

information for each pair of variables [43] [73].  Rather than using the mutual 

information  (     ) between the variables   and   , the algorithm estimates a weighted 

z-score for that pair of variables,     √  
    

  ,where 

      (  
 (     )    

  
)  

Here   is the mean and    is the standard deviation of the empirical distribution of the 

mutual information values  (     ) of   with all other variables   (       ), and  

      (  
 (     )    

  
)  

Here   is the mean and    is the standard deviation of the empirical distribution of the 

mutual information values  (     ) of   with all other variables   (       ).  Like 

NSEMI, CLR algorithm has a complexity of  (  ). 
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The development of CLR2, a new version of CLR incorporates the proposed level 

2 analysis.  Instead of using the NSEMI to detect associations at the first level of analysis, 

we replace it with the CLR algorithm and then proceed with level 2 analysis to identify 

the HC variables to detect the associations at the second level.   

 

5.2.2 Algorithm for Reconstruction of Accurate Cellular Networks 

(ARACNE) with Level 2 Analysis (ARACNE2) 
 

ARACNE [45] is based on the Data Processing Inequality (DPI), stating that if variable 

  interacts with variable    through variable    then 

 (     )     ( (     )  (     )) 

Each pair of variables is assigned a weight equal to their mutual information.  Next, given 

a threshold  , all the associations where  (     )    , are removed.  Finally, the 

algorithm removes the weakest association of each triplet, considering it as an indirect 

association.  Since the algorithm compares triplets of variables it has a complexity 

of  (  ). 

We introduce ARACNE2, a new version of ARACNE that incorporates the 

proposed level 2 analysis.  Instead of using the NSEMI to detect associations at the first 

level of analysis, we replace it with the ARACNE algorithm and then proceed with level 

2 analysis to identify the HC variables to detect the associations at the second level.   
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5.2.3 Datasets, Results and Discussion 

The different network discovery methods are compared on the five datasets from the 

DREAM4 challenge.   These datasets are generated by applying multifactorial 

perturbations to the original network [67]. 

We are interested to see how the performance CLR and ARACNE compares to 

CLR2 and ARACNE2 respectively (Table 5.2 and Table 5.3). Does incorporating the 

proposed level 2 analysis in the alternative mutual information-based methods for 

network discovery produce similar improvements in false positives and accuracy?  The 

results show that both CLR2 and ARACNE2 improve the counts of false positives with 

little to no change in the counts of true positives, regardless of the chosen threshold (1 

through 4 standard deviations above the mean).  In terms of accuracy, noticeable 

improvements appear with the level 1 thresholds of 1 and 2 standard deviations above the 

mean.  With higher thresholds, the effect of incorporating Level 2 analysis diminishes, 

resulting comparable accuracies.   

Table 5.4 summarizes the outcome from all six algorithms, segregated into two 

groups:  three level 1 algorithms (NSEMI, CLR, and ARACNE) and three level 2 

algorithms (NSEMI2, CLR2, and ARACNE2).  In most cases, the best performer belongs 

to one of the three level 2 algorithms.  This supports our granular approach, 

demonstrating that the level 2 granulation is very competitive in discovering network 

associations.  
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Table 5.2:  The outputs from the CLR and CLR2 algorithms for each dataset, where θ is the level 

1 threshold (i.e., the weighted z-score, wij), and Level 2 are the HC variable types.   

 Dataset 1  Dataset 2  Dataset 3  Dataset 4  Dataset 5  

 Level 2   TP FP ACC TP FP ACC TP FP ACC TP FP ACC TP FP ACC 

C
L

R
 

N/A 1 69 860 0.806 91 917 0.784 91 832 0.811 97 857 0.804 99 909 0.797 

N/A 2 33 90 0.954 45 148 0.930 54 102 0.951 56 149 0.939 43 125 0.944 

N/A 3 16 15 0.966 15 15 0.951 36 10 0.966 31 18 0.960 21 9 0.963 

N/A 4 7 2 0.966 3 0 0.951 20 1 0.965 16 3 0.960 7 1 0.962 

C
L

R
2
 

1 1 57 651 0.845 74 694 0.825 80 620 0.852 89 668 0.841 77 596 0.856 

1 2 26 69 0.957 33 111 0.935 49 74 0.956 52 113 0.945 37 79 0.952 

1 3 14 13 0.966 12 9 0.952 33 9 0.966 26 15 0.960 18 7 0.963 

1 4 7 2 0.966 1 0 0.951 18 0 0.965 16 3 0.960 4 1 0.962 

2 1 62 715 0.833 74 725 0.819 79 633 0.849 90 669 0.841 82 622 0.852 

2 2 29 72 0.957 35 112 0.935 47 73 0.955 53 107 0.947 37 78 0.953 

2 3 12 10 0.966 12 11 0.951 33 7 0.966 23 12 0.960 18 5 0.964 

2 4 4 2 0.966 2 0 0.951 19 0 0.965 12 3 0.96 3 1 0.962 

3 1 56 661 0.843 78 689 0.827 82 639 0.848 90 693 0.836 84 646 0.847 

3 2 26 70 0.956 32 103 0.936 48 75 0.955 53 121 0.944 35 84 0.951 

3 3 12 10 0.966 12 9 0.952 32 8 0.966 24 14 0.960 16 4 0.964 

3 4 5 2 0.966 1 0 0.951 18 1 0.965 15 3 0.960 3 1 0.962 

 
Table 5.3: The outputs from the ARACNE and ARACNE2 algorithms for each dataset where θ is 

level 1 threshold, and Level 2 corresponds to the HC variable types. 

 Dataset 1  Dataset 2  Dataset 3  Dataset 4  Dataset 5  

 Level 2   TP FP ACC TP FP ACC TP FP ACC TP FP ACC TP FP ACC 

A
R

A
C

N
E

 

N/A 1 19 82 0.953 14 87 0.936 28 74 0.951 33 70 0.950 23 74 0.951 

N/A 2 9 9 0.965 5 13 0.949 19 10 0.963 19 15 0.958 13 15 0.961 

N/A 3 3 6 0.965 2 1 0.951 8 5 0.961 6 6 0.958 6 11 0.960 

N/A 4 2 6 0.965 2 1 0.951 4 4 0.961 5 4 0.958 5 11 0.960 

A
R

A
C

N
E

2
 

1 1 19 82 0.953 14 87 0.936 28 74 0.951 33 70 0.950 23 74 0.951 

1 2 9 9 0.965 5 13 0.949 19 10 0.963 19 15 0.958 13 15 0.961 

1 3 3 6 0.965 2 1 0.951 8 5 0.961 6 6 0.958 6 11 0.960 

1 4 2 6 0.965 2 1 0.951 4 4 0.961 5 4 0.958 5 11 0.960 

2 1 15 69 0.954 13 68 0.94 24 63 0.953 30 53 0.953 22 61 0.954 

2 2 3 4 0.965 4 6 0.950 15 2 0.963 10 7 0.958 9 8 0.962 

2 3 0 2 0.965 0 0 0.951 4 2 0.961 0 2 0.957 3 4 0.961 

2 4 0 2 0.965 0 0 0.951 1 2 0.961 0 2 0.957 3 4 0.961 

3 1 19 73 0.954 14 70 0.939 24 63 0.953 30 53 0.953 22 61 0.953 

3 2 7 5 0.966 3 6 0.950 15 2 0.963 10 6 0.958 9 8 0.961 

3 3 2 2 0.965 1 0 0.951 4 2 0.961 0 2 0.957 3 4 0.961 

3 4 2 2 0.965 1 0 0.951 1 2 0.961 0 2 0.957 3 4 0.961 
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Table 5.4:  The comparison of the level 1 and 2 algorithms.  The values reported in each cell 

correspond to TP/FP/ACC.  For level 2 the arithmetic means over each of the three types of level 

2 HC variables are reported.  The best accuracies are in bold.  

  Level 1 Algorithm Level 2 

   NSEMI CLR ARACNE NSEMI2 CLR2 ARACNE2 

1 

Dataset 1 49/513/0.872 69/860/0.806 19/82/0.953 44.7/420/0.890 58.3/675.7/0.84 17.7/74.7/0.954 

Dataset 2 67/567/0.85 91/917/0.784 14/87/0.936 59.7/481/0.866 75.3/702.7/0.841 13.7/75/0.938 

Dataset 3 73/479/0.879 91/832/0.811 28/74/0.951 66.7/388.7/0.896 80.2/630.7/0.850 25.3/66.7/0.952 

Dataset 4 83/496/0.875 97/857/0.804 33/70/0.950 80/421.7/0.889 89.7/676.7/0.839 31/58.7/0.952 

Dataset 5 66/595/0.855 99/909/0.797 23/74/0.951 56.7/505/0.871 81/621.3/0.852 22.3/65.3/0.953 

2 

Dataset 1 33/176/0.934 33/90/0.954 9/9/0.965 28.7/142/0.943 27/70.3/0.957 6.3/6/0.965 

Dataset 2 42/186/0.922 45/148/0.930 5/13/0.949 30.7/140/0.929 33.3/108.7/0.935 4/8.3/0.950 

Dataset 3 51/152/0.941 54/102/0.951 19/10/0.962 43.7/112.7/0.947 48/74/0.955 16.3/4.7/0.963 

Dataset 4 53/175/0.934 56/149/0.939 19/15/0.958 47/141.7/0.939 52.7/113.7/0.945 13/9.3/0.958 

Dataset 5 44/193/0.931 43/125/0.944 13/15/0.961 37.7/158.7/0.937 36.3/80.3/0.952 10.3/10.3/0.961 

3 

Dataset 1 22/55/0.959 16/15/0.966 3/6/0.965 19/40.3/0.961 12.7/11/0.966 1.7/3.3/0.965 

Dataset 2 15/52/0.944 15/15/0.951 2/1/0.951 14/31.7/0.948 12/10/0.952 1/0.3/0.951 

Dataset 3 34/42/0.960 36/10/0.966 8/5/0.961 29.7/31.3/0.961 32.7/8/0.966 5.3/3/0.961 

Dataset 4 29/59/0.952 31/18/0.960 6/6/0.958 27.3/47.3/0.954 24.3/13.7/0.960 2/3.3/0.957 

Dataset 5 25/64/0.954 21/9/0.963 6/11/0.960 22/47.7/0.957 17.3/5.3/0.964 4/6.3/0.961 

4 

Dataset 1 14/13/0.966 7/2/0.966 2/6/0.965 13.7/11/0.967 5.3/2/0.966 1.3/3.3/0.965 

Dataset 2 10/13/0.951 3/0/0.951 2/1/0.951 7.7/7.7/0.952 1.3/0/0.951 1/0.3/0.951 

Dataset 3 26/15/0.963 20/1/0.965 4/4/0.961 20/10/0.963 18.7/0.3/0.965 2/2.7/0.961 

Dataset 4 20/12/0.960 16/3/0.960 5/4/0.958 18.3/8/0.961 14.3/3/0.960 1.7/2.7/0.957 

Dataset 5 11/16/0.961 7/1/0.962 5/11/0.960 9/12/0.962 3.7/1/0.962 3.7/6.3/0.961 
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Chapter 6 

Experimental Evaluations: Enviropig Data 

 

The Enviropig™ is a genetically modified pig that was developed at the University of 

Guelph.  The Enviropig™
 
is a new line of Yorkshire pig that uses plant phosphorus more 

efficiently [74] [75].  Conventional pigs cannot digest a form of phosphorus called 

phytate, present in their feed. In order to help digestion, producers supplement phosphate 

to the diet. Although the outcome is nutritionally successful, this approach is 

environmentally counterproductive, leading to an increase in the phosphorus pollution 

and water eutrophication from animal agriculture. Pig manure is used for crop 

fertilization, but it contains a higher concentration of phosphorus that is recommended for 

repetitive field application.  It is a pollutant, inflicting local surface water and ground 

water that can eventually drain into ponds and streams, infecting the water and depriving 

it of oxygen by promoting algae growth, which can be fatal to fish [74] [75].  

The Enviropig™ can produce the enzyme phytase in the salivary glands. It 

catalyzes the hydrolysis of the indigestible phytate that is present in plant feed. As a 

consequence, the enzyme eliminates the need to supplement the diet with inorganic 

phosphate, offering cost savings as well as reductions of phosphorus levels in the pig 

manure by as much as 60%. Additionally, phytate digestion improves the absorption of 

other nutrients and minerals present in the pig diet. Currently, a number of studies are 
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trying to evaluate the food safety of the Enviropig™. In order to understand the effect of 

novel transgene expression on physiology of animals, the application of novel systems 

biology approach is required. 

It is essential to develop the ability to identify negative side effects of the transgene 

expression.  There is a need for a system representation for a genetically modified animal 

such as the Enviropig™, to discover significant differences between transgenic and 

conventional pigs with respect to both genotype and phenotype attributes.  Questions 

include: Do transgenic animals express genes differently than conventional ones? Does 

the presence of a new transgene lead to changes in the associations between the different 

attributes? Can the genetic differences be traced back to differences in chemical 

composition?  These are some of the key questions this research explores by using 

Enviropig™ data. 

Data derived from the Enviropig™ project consists of many layers of information, 

or data subsets, gathered from tissues of male and female pigs, and transgenic and 

conventional pigs.  The approach is tested on a reduced subset of the entire dataset by 

chemical composition data from muscle tissue (see Appendix A).  The data consists of 55 

attributes of chemical composition as sampled from 48 unique pigs: 12 male and 12 

female conventional; and 12 male and 12 female transgenic.  The proposed approach is 

tested on the entire data set, by comparing genders, and by comparing pig lines [17].  The 

data is divided into four equal-width intervals, resulting in an expected number of items 

per interval of 6, one more than the requirement of five. Unlike benchmark data, the 

sample size here is considerably smaller.  In order to satisfy the common rule of at least 

five or more observations per interval, we had to discretize the values to four intervals.  
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There is a tradeoff between the interval size and sample size.  Choosing fewer than four 

intervals increases the expected interval count at the expense of losing the resolution of 

the data. 

6.1 Visualizing Associations from the Network Model 

Here, we use visualization to aid us with the interpretation of the discovered associations.  

Each of the techniques assists with the interpretation of the results from both the level 1 

and the level 2 analyses.  

The representation of biological networks visually allows researchers to explore 

and find interesting information in networks “by eye”. For visualization to be effective 

for this purpose, it must capture essential biological information graphically, such as the 

weight of the association (as determined in the level 1 analysis), as well as information 

about the strength and frequency of associations a variable directly participates in (as 

determined in the level 2 analysis).  

The detected associations are initially visualized by matrix plot showing the value 

of NSEMI between each pair of variables in a set.  The gray scale plot is two-

dimensional, with n rows and columns, corresponding to each variable in the set.  The 

strength of the association is inversely proportional to the intensity of the color, with 

darker the colors corresponding to stronger interdependencies between the variables, and 

lighter colors corresponding to weaker interdependencies between the variables.  This 

technique facilitates detection by the visual inspection of the various patterns of 

associations [17] [60]. 
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A variation on this color scheme is a matrix plot for visualizing the difference 

between the associations, as defined in Section 3.4, between a pair of classes (e.g. 

male/female, transgenic/conventional). Instead of using the greyscale, color gradients for 

red and blue are used for the positive and negative differences respectively, with the 

difference in strength captured in the intensity of the color.  The novelty is not in the 

representation, but in the data that is displayed.   It is a useful technique to align and 

visualize the differences between the detected associations, by a two-dimensional matrix 

layout of a biological network.  Here, we can, by visual inspection, identify those 

associations (and by extension, the amount of NSEMI) that changed from one class to the 

next, as well as the direction of change (i.e., has it increased or decreased?).  

Cumulative NSEMI is best visualized using a cumulative bar plot that visualizes 

the cumulative NSEMI (Equation 10) between a random variable X and the rest of the 

variables in the set.  By eye, a researcher can identify which variables stand out in terms 

of the strength and frequency of the interactions they participate in.  Variables that have 

large cumulative NSEMI (one standard deviation above the mean) are distinguished as 

Peaks in the plot.  In contrast, variables with low cumulative NSEMI (one standard 

deviation below the mean) are distinguished as Dips in the plot, are interpreted as 

variables that participate in a few weak interactions.    

Lastly, we introduce a novel association plot that visualizes the outcomes from the 

level 1 and level 2 analyses.  It is an undirected cyclic graph showing strong associations 

(above a certain threshold) between pairs of HC variables (as defined in Sections 3.3.1 – 

3.3.4).  In order to display HC variables, shape is included into our representation. Each 

of the three types of HC variables is represented as a node with a unique shape.  Type 1 
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nodes are represented as diamonds; Type 2 nodes are represented as rectangles; and Type 

3 nodes are represented as circles.  Here, the association strength is color coded with line 

thickness proportional to the strength of the pairwise association.  This new graphical 

representation of a network offers a few advantages over the traditional approach of 

displaying each identified node and edge connecting them: it is more readable (displaying 

a reduced subset of relevant nodes, with only those identified as HC);   and accurate (our 

Benchmark evaluations conclude that incorporating HC variables yields more accurate 

predictions for mutual pairwise associations with significant reductions in false 

positives).  

 

6.2 Testing the Proposed Approach Using all the 

Samples  

Initially, the approach is used to generate strong pairwise and convergent associations for 

all the pig samples, regardless of gender and line.   The analysis, outlined in Chapter 3, is 

then performed on the data, and visualized for associations as depicted in Figure 6.1 and 

Figure 6.2.  Many of the detected associations are expected.  Ones in particular, C18:2 

Linoleic and C18:3 Linolenic are all omega-6 polyunsaturated fatty acids; C18:1 is a 

mono unsaturated fatty acid, and C22:4 Docosatetraenoic is an omega-3 polyunsaturated 

fatty acid [76].  Minerals such as potassium, magnesium, and phosphorus display a strong 

interdependency.  Magnesium and potassium also show a close association. Magnesium 

is needed for the function of the sodium/potassium pump. Magnesium shortage, 
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compromises the pumping of potassium into the cell and the pumping of sodium out of 

the cell [77]. Also, magnesium and potassium levels are depleted by prescription 

diuretics. These levels can then be normalized, in the muscle, by ingesting magnesium 

[77].  Studies have demonstrated a relationship between magnesium and phosphorus [78]: 

Magnesium is involved in many of the biochemical reactions occurring in the cell, 

especially in processes involving the formation and utilization of ATP, a phosphorus-rich 

molecule. 
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Figure 6.1:  The matrix and cumulative plots are for the entire sample set.  The strength of the 

association is inversely proportional to the intensity of the color – the darker the color the 

stronger the interdependency between the variables.  Strongest association is in green between 

C18:2 Linoleic (position 24) and Omega-6 Polyunsaturated Fatty Acids (position 9). See 

Appendix A for a lookup table for the variables. 
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Figure 6.2:  The association graph reflects all of the samples.  In the level 2 analysis variable 

connectivity for edge detection is incorporated. Each of the three types of HC variables is 

represented as a node with a unique shape.  Type 1 nodes are represented as diamonds; Type 2 

nodes are represented as rectangles; and Type 3 nodes are represented as circles. The size of the 

shape is irrelevant (it is sized to fit the label). Here, the association strength is color coded with 

line thickness being proportional to the strength of the pairwise association.  The color coding for 

edges follows:  Yellow (NSEMI ≥ 5σ); Blue (NSEMI ≥ 4σ); Green (NSEMI ≥ 3σ); Red (NSEMI 

≥ 2σ), where σ are the standard deviations.  The open source graph visualization software, 

Graphviz, was used for generating the graph. 
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6.3 Comparing the Transgenic Pig Data to the 

Conventional Pig Data 

 

For the second experiment, the data set is divided into two subsets: The first subset 

contains only transgenic male and female samples, whereas the second subset contains 

only conventional male and female samples. Then, the analysis, outlined in Chapter 3, is 

performed on the data, and visualized for associations [17].  Figure 6.3 shows the 

detected associations for the transgenic and conventional samples, and Figure 6.4 shows 

the difference between them.  The detected cumulative associations (Equation 10) are 

represented by two types of patterns: Peaks, representing the variables with a high value 

for cumulative NSEMI; Dips, representing the variables with a low value for cumulative 

NSEMI. The detected patterns of associations are listed in Table 6.1 and Table 6.2. 

The results show more and noticeably stronger (darker cells) associations for the 

conventional pigs. The data is organized into two categories: 43 fatty acids and 12 

minerals (see Appendix A). Common to both are the stronger associations detected 

between the mineral variables in bottom right cluster in Figure 6.3, which is darker. This 

observation is confirmed by the cumulative plot that shows a higher cluster of peaks in 

the area corresponding to the minerals.  Detected associations between mineral variables 

are stronger in the conventional pig than the transgenic pig. 

The comparison of the conventional pig associations to the transgenic, as 

illustrated in Figure 6.4 and Table 6.3,  reveals a strong difference of associations in the 

C18:3 Linolenic, C20:4 Arachidonic, and polyunsaturated fatty acids, whereas C20:1 

fatty acid is observed to have the least difference in the associations. It is evident from 
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the plots, viewed side by side in Figure 6.3, that the shapes of the cumulative plot are 

similar to one another (i.e., they share many Peaks and Dips in the same positions), but 

differ in the strength of the association, being consistently stronger in the conventional 

pigs.  Further comparison using level 2 analysis results (Table 6.3), shows that despite 

having differences in strength of association, every variable with high cumulative NSEMI 

values (Peak pattern),  was identified as a HC variable during level 2 analysis.  Similarly, 

those variables that showed the least amount of difference between the pig lines (Dip 

pattern), were not identified as HC variables in either pig lines during level 2 analysis. 

This observation reinforces the interpretation that the main differences between 

transgenic and conventional pigs are in the strength of associations. 
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Figure 6.3:  The matrix and cumulative plots are for conventional (a) and transgenic (b) samples.  

The strongest association is highlighted in green: Yorkshire (C22:6 DHA, position 40) and 

(C18:2trans, position 25); Cassie,( Fat, position 4) and (Omega Kilocalories, position 3). See 

Appendix A for the lookup table for the variables.  

 

Table 6.1:  The detected patterns in the transgenic pig samples. 

Variable (position, cumulative NSEMI 

value) 

Pattern (variables it shares significant links 

with: name, position, NSEMI value)* 

C18:2trans (25, 6.56) Peak (C22:4 Docosatetraenoic,38, 0.62; 

C24:1 Nervonic,42, 0.501 

C20:3 Eicosatrienoic (32, 4.886) Peak 

C22:4 Docosatetraenoic (38, 6.078) Peak 

C24:1 Nervonic (42, 5.765) Peak (C18:2trans,25,0.501) 

Copper (45, 6.731) Peak 

Magnesium (47, 6.041) Peak 

C22:4 Docosatetraenoic (38, 5.658) Peak (C18:2trans,25, 0.62) 

Potassium (51, 5.193) Peak 

Sodium (53, 5.367) Peak 

Zinc (54, 5.698) Peak 
* The set of variables it strongly associates with. Listed for each are the name, position in the matrix plot, and NSEMI 

strength per variable. 

     

 

(a) (b) 
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Table 6.2:  The detected patterns in the conventional pig samples. 

Variable (position, cumulative  NSEMI 

value) 

Pattern (variables it shares significant 

links with: name, position, NSEMI value) 

cis-Polyunsaturated Fatty (6, 7.41) Peak (Omega-6 Polyunsaturated Fatty 

Acids,9,0.839; C18:2 Linoleic,24,0.714; 

,C18:3 Linolenic,27,0.706) 

Omega-6 Polyunsaturated Fatty Acids (9, 

7.393) 

Peak (C18:2 Linoleic,24,0.848; C18:3 

Linolenic,27, 0.625; cis-Polyunsaturated 

Fatty Acids,6, 0.839) 

Trans-Fatty Acids (11, 6.422) Peak 

C18:2 Linoleic (24, 5.606) Peak (C18:3 Linolenic,27, 0.532; cis-

Polyunsaturated Fatty,6, 0.714; Omega-6 

Polyunsaturated Fatty Acids,9, 0.848) 

C18:2trans (25, 7.208) Peak (C22:6 (DHA),25,0.851) 

C18:3 Linolenic (27, 8.22) Peak (cis-Polyunsaturated Fatty,6, 0.706; 

Omega-6 Polyunsaturated Fatty 

Acids,9,0.625; C18:2 Linoleic,24, 0.532; 

C20:4 Arachidonic, 33,0.486) 

C20:4 Arachidonic (33, 9.606) C18:3 Linolenic,27, 0.486; Iron,46,0.45; 

Potassium,51, 0.421) 

C22:6 (DHA) (40,7.845) Peak (C18:2trans, 25, 0.851) 

Magnesium (47, 8.302) Peak (Zinc,54, 0.603; Phosphorus, 50, 

0.633; Potassium, 51, 0.605) 

Phosphorus (50, 8.173) Peak (Magnesium,51,0.633) 

Potassium (51, 7.423) Peak (Magnesium,47, 0.605) 

Sodium (53, 6.971) Peak 

Carbohydrates (1, 1.328) Dip 

C14:1 Myristoleic (18, 1.114) Dip 

C20 Arachidic (29,1.237) Dip 

C20:1(30, 1.132) Dip 
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Figure 6.4:  The matrix and cumulative plots for the difference between conventional and 

transgenic samples, where positive differences are in shades of red (stronger conventional), and 

the negative differences are in shades of blue (stronger transgenic). The darker the shade, the 

larger the difference.  The strongest association difference is highlighted in green: variables 

(C18:3 Linolenic, position 27) and (cis-Polyunsaturated Fatty Acids, position 6). See Appendix A 

for the lookup table for the variables. 
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Table 6.3:  The detected patterns of the conventional and transgenic pigs are compared.  

Variable (position, 

cumulative  NSEMI 

value) 

Level 2: Cumulative 

Pattern (variables it shares 

significant links with: name, 

position, NSEMI value) 

Level 2: Shared HC 

Variable Type 

cis-Polyunsaturated Fatty 

Acids (6,4.438) 

Peak (C18:3 Linolenic,27, 

0.488) 

Type 3 

Omega-6 

Polyunsaturated Fatty 

Acids (9, 4.416) 

Peak (C18:3 Linolenic,27, 

0.567) 

Type 1 

C18:3 Linolenic (27, 

5.781) 

Peak (cis-Polyunsaturated 

Fatty Acids,27,0.488; 

Omega-6 Polyunsaturated 

Fatty Acids,9,0.567; C18:2 

Linoleic,24,0.469; C20:4 

Arachidonic,33,0.499) 

Type 3 

C20:4 Arachidonic (33, 

5.948) 

Peak (C18:3 Linolenic, 27, 

0.499; Phosphorus,50,0.420) 

Type 2 

C22:6 DHA (40, 4.796) Peak (C18:2trans,25,0.534) Type 2 

Phosphorus (50, 4.272) Peak (C20:4 

Arachidonic,33,0.420) 

Type 3 (conventional)* 

Magnesium (47, 4.878) Peak Type 2 

Potassium (51, 4.466) Peak (Iron,46,0.416) Type 2 

C20:1 (30,0.77) Dip  

Carbohydrates (1, 0.895) Dip  

C18 Stearic (21, 0.919) Dip  

C20 Arachidic (29, 

0.944) 

Dip  

C18:2trans (25, 4.997) Peak (C22:6 (DHA),40,  

0.534; C22:4 

Docosatetraenoic,38, -0.445) 

Type 3 (transgenic)** 

*Phosphorus is classified as a HC variable of Type 3 only for the conventional pig. 

**C18:2trans is classified as a HC variable of Type 3 only for the transgenic pig. 

 

The association graphs of Figure 6.5 and Figure 6.6 provide a network, displaying 

only those variables that are identified in the level 2 analysis to one of the three types of 

HC variables.  At first glance, some of these relationships are expected, such as the 

interdependency between the fat and calories, which is common to both types of pig. 

Both of these variables are identified as Type 1.  Similarly, the relationship between the 
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potassium and magnesium is preserved between the two pig lines.  The primary 

difference is in the strength of the association (lower for the transgenic line) and with the 

magnesium identified as a Type 3 variable rather than a Type 2 one in the conventional 

line.  With regards to the fatty acids, not only are the associations of cis-Polyunsaturated, 

with both Omega-6 Polyunsaturated, and with C18:2 Linoleic fatty acids preserved in 

both lines, but also the types from the level 2 analysis.  The main difference is in the 

strength of the associations which is lower for the transgenic line.  Table 6.4 lists all the 

shared associations detected during the level 2 analysis, where a similar number of HC 

variables (30 transgenic, 28 conventional), and 25 shared are identified.   Only three 

shared HC variables belong to different types (C6 Caproic; C20:3 Eicosatrienoic; 

Calcium).  Table 6.5 provides a comparison of the identified level 2 HC variable types of 

the two lines of pigs. 

In a separate study at the University of Guelph [79] [80], the muscle data set was 

used in evaluating a new form of high-order (multi-value) patterns, named Nested High 

Order Pattern (NHOP).  The proposed form of pattern has a nested granular structure that 

highlights a hierarchical and iterative association evaluation.  We decided to compare the 

outcomes of both algorithms by matching the variables involved in the patterns 

uncovered by the NHOP algorithm with those identified as HC variables during the level 

2 granulation.  Table 6.5 highlights those HC variables that are also uncovered by the 

NHOP algorithm in either pig class.  For the conventional pig class, we see that every 

variable uncovered by the NHOP algorithm is a HC variable, whereas for the transgenic 

pig class, all but two variables are HC.  Furthermore, NHOP identifies two pattern groups 

consistent with our own observations, in regard to the strength differences of the 
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associations between the minerals when the pig classes are compared. The first pattern 

group identifies the associations between the transgenic pig class and a lower 

concentration of minerals. The second group identifies the association between the 

conventional pig class and a higher concentration of minerals.  This is consistent with our 

own observation, where the associations between the mineral variables are weaker in the 

transgenic pig class. 

 

Figure 6.5:  The association graph incorporates the level 2 analysis results for the transgenic pigs 

at 99% confidence level.  Type 1 nodes are represented as diamonds; Type 2 nodes are 

represented as rectangles; and Type 3 nodes are represented as circles.  The association strength is 

color coded, with the line thickness proportional to the strength of the pairwise association.  The 

color coding for edges:  Yellow (NSEMI ≥ 5σ); Blue (NSEMI ≥ 4σ); Green (NSEMI ≥ 3σ); Red 

(NSEMI ≥ 2σ), where σ are the standard deviations.  The open source graph visualization 

software, Graphviz, was used for generating the graph. 
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Figure 6.6:  The association graph incorporates the level 2 analysis results for the conventional 

pigs at 99% confidence level. Type 1 nodes are represented as diamonds; Type 2 nodes are 

represented as rectangles; and Type 3 nodes are represented as circles.  The association strength is 

color coded, with the line thickness proportional to the strength of the pairwise association.  The 

coolor coding for edges:  Yellow (NSEMI ≥ 5σ); Blue (NSEMI ≥ 4σ); Green (NSEMI ≥ 3σ); Red 

(NSEMI ≥ 2σ), where σ are the standard deviations. The open source graph visualization 

software, Graphviz, was used for generating the graph. 

 

Table 6.4:  The shared associations are detected during the level 2 analysis for the transgenic and 

conventional pig lines. 

Association (Variable – Variable) 

(Omega-6 Polyunsaturated Fatty Acids) − (cis-Polyunsaturated Fatty Acids) 

(C18:2 Linoleic) − (cis-Polyunsaturated Fatty Acids) 

(Fat) – (Kilocalories) 

(C18:1 Oleic) − (cis-Monounsaturated Fatty Acids) 

(Potassium) − (Magnesium) 
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Table 6.5: The comparison of the identified level 2 variable types for the transgenic and 

conventional pig lines. The shaded cells correspond to the variables, detected by using the NHOP 

algorithm for each pig class.  

Variable Position   Transgenic Conventional 

Ash (g/100g) 0 − − 

Carbohydrates (g/100g) 1 − − 

Protein (g/100g) 2 − − 

Kilocalories (/100g) 3 Type 1 Type 1 

Fat (g/100g) 4 Type 1 Type 1 

cis-Monounsaturated Fatty Acids 5 Type 1 Type 1 

cis-Polyunsaturated Fatty Acids 6 Type 3 Type 3 

Conjugated Linoleic Acid 7 Type 2 Type 2 

Omega-3 Polyunsaturated Fatty 

Acids 

8 Type 3 − 

Omega-6 Polyunsaturated Fatty 

Acids 

9 Type 1 Type 1 

Saturated Fatty Acids 10 − − 

Trans-Fatty Acids 11 − − 

C4 Butyric 12 − − 

C6 Caproic 13 Type 2 Type 3 

C8 Caprylic 14 − Type 3 

C10 Capric 15 − − 

C12 Lauric 16 − − 

C14 Myristic 17 − − 

C14:1 Myristoleic 18 − − 

C16 Palmitic 19 − − 

C16:1 Palmitoleic 20 − − 

C18 Stearic 21 − − 

C18:1 Oleic 22 Type 1 Type 1 

C18:1trans 23 − − 

C18:2 Linoleic 24 Type 1 Type 1 

C18:2trans 25 Type 3 − 

C18:3 Gamma Linolenic 26 Type 3 − 

C18:3 Linolenic 27 Type 3 Type 3 

C18:4 Moroctic 28 − − 

C20 Arachidic 29 − − 

C20:1 30 − − 

C20:2 Eicosadienoic 31 Type 2 Type 2 

C20:3 Eicosatrienoic 32 Type 3 Type 3 

C20:4 Arachidonic 33 Type 2 Type 2 

C20:5 W3 (EPA) 34 − − 

C22:0 Behenic 35 − − 
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C22:1 Erucic 36 Type 3 − 

C22:2 Docasadienoic 37 − − 

C22:4 Docosatetraenoic 38 Type 3 − 

C22:5 Docosapentaenoic 39 Type 2 Type 2 

C22:6 (DHA) 40 Type 2 Type 2 

C24:0 41 − − 

C24:1 Nervonic 42 Type 2 Type 2 

Calcium (Ca) (mg/100g) 43 Type 2 Type 3 

Chromium (Cr) (mg/100g) 44 Type 3 Type 3 

Copper (Cu) (mg/100g) 45 Type 2 Type 2 

Iron (Fe) (mg/100g) 46 Type 2 Type 2 

Magnesium (Mg) (mg/100g) 47 Type 2 Type 2 

Manganese (Mn) (mg/100g) 48 Type 2 Type 2 

Molybdenum (Mo) (mg/100g) 49 − Type 3 

Phosphorus Total (P) (mg/100g) 50 − Type 3 

Potassium (K) (mg/100g) 51 Type 2 Type 2 

Selenium (Se) (mg/100g) 52 − − 

Sodium (Na) (mg/100g) 53 Type 2 Type 2 

Zinc (Zn) (mg/100g) 54 Type 2 Type 2 

 

6.4 Comparing the Male Pig Data to the Female Pig 

Data 

In the third experiment, the data set is segregated into two subsets: The first subset 

contains only male conventional and transgenic samples, and the second subset contains 

only female conventional and transgenic samples.  The analysis outlined in Chapter 3 is 

then performed on the data, and visualized.  The results are summarized in Table 6.6 and 

Table 6.7. The matrix plot is drawn in Figure 6.7 and Figure 6.8, displaying the level 1 

analysis results. Association graphs, displaying the level 2 analysis results, are presented 

in Figure 6.9 and Figure 6.10.  Like the transgenic and conventional pigs, the males and 

females show differences, mainly in the strength of the associations, and maintain a 

consistent pattern of Peaks and Dips in the cumulative plots.  The results show larger 
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number of stronger (darker cells) associations for the male pigs. Both sexes exhibit 

stronger associations between the mineral variables, visible in the bottom right section on 

the matrix plots, displaying darker cells. This observation is confirmed by the cumulative 

plot in Figure 6.7 that shows a higher cluster of peaks for the minerals. 

Further comparisons between male and female pigs reveals that males are seen to 

have unique Peaks, representing large cumulative NSEMI value, for cis-Polyunsaturated, 

omega-6 polyunsaturated and Trans-fatty acids as indicated in Table 6.6, and Figure 6.7a, 

and noticeably absent in the females as indicated in Table 6.7, and Figure 6.7b.  The 

comparative analysis in Figure 6.8, and Table 6.8, reinforce this observation, where all 

three fatty acids produce large values for cumulative NSEMI, with both cis and omega-6 

polyunsaturates having Peaks. 
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Figure 6.7:  The matrix and cumulative plots for male (a) and female (b) samples.  The strongest 

associations are highlighted in green: male (Omega-6 Polyunsaturated Fatty Acids, position 9) 

and (cis-Polyunsaturated Fatty Acids, position 6); female, (Fat, position 4) and (Kilocalories, 

position 3). See Appendix A for the lookup table for the variables. 

 

 

 

 

 

 

 

 

 

 

 

(a) (b) 
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Table 6.6: The detected patterns in the male pig samples. 

Variable (position, cumulative  NSEMI 

value) 

Pattern (variables it shares significant 

links with: name, position, NSEMI value) 

cis-Polyunsaturated Fatty Acids(6, 6.835) Peak, (Omega-6 Polyunsaturated Fatty 

Acids,9,1.0; C18:2 Linoleic,24,0.812; 

C18:3 Linoenic,27, 0.546) 

Omega-6 Polyunsaturated Fatty Acids (9, 

6.835) 

Peak, (cis-Polyunsaturated Fatty 

Acids,6,1.0; C18:2 Linoleic,24,0.812; 

C18:3 Linoenic,27, 0.546) 

Trans-Fatty Acids (11, 6.621) Peak, (C18:2 trans,25,0.514) 

C18:2 Linoleic (24, 6.48) Peak, (C22:1 Erucic,36, 0.455) 

C18:3 Linoenic (27, 6.113) Peak  (cis-Polyunsaturated, 6, 0.546; 

Omega-6 Polyunsaturated,9, 0.546) 

C20:4 Arachidonic (33, 6.142) Peak 

C22:6 (DHA) (40, 5.702) Peak 

Magnesium (47, 5.809) Peak 

Phosphorus (50, 5.921) Peak, (Magnesium,47, 0.712) 

Potassium (51, 6.244)  Peak, (Magnesium,47, 0.814) 

Sodium (53, 5.649) Peak 

Zinc (54, 5.496) Peak 

C14:1 Myristoleic (26, 0.916) Dip 

 

Table 6.7: The detected patterns in the female pig samples. 

Variable (position, cumulative  NSEMI 

value) 

Pattern (variables it shares significant links 

with: name, position, NSEMI value) 

Magnesium (47, 5.649) Peak (Sodium,53, 0.456; 

Phosphorus,50,0.402) 

Zinc (54, 5.54) Peak (Copper,45, 0.584) 

Copper (45, 6.356) Peak (Zink,54,0.584) 

Manganese (48, 4.916) Peak 

Trans-Fatty Acids (11, 5.352) Peak 

Sodium (53, 6.025) Peak (Phosphorus,50,0.425; 

Magnesium,47,0.456; Iron,46,0.592) 

C22:4 Docosatetraenoic (38, 5.075) Peak (C18:2trans,25, 0.415) 

C22:5 Docosapentaenoic (39, 5.527) Peak (C18:2 Trans ,25, 0.466) 

C22:6 (DHA) (40, 5.939) Peak 

C24:1 Nervonic (42, 4.872) Peak 

C18:2 Trans (25, 5.656) Peak (C22:4 Docosatetraenoic,38,0.466) 

C16:1 Palmitoleic (20, 0.646) Dip 

Ash (0, 0.831) Dip 
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Figure 6.8:  The matrix and cumulative plots for the difference between male and female samples, 

where positive differences are in shades of red (stronger male), and the negative differences are in 

shades of blue (stronger female).The darker the shade, the larger the difference.  The strongest 

association difference is highlighted in green: variables (phosphorus, position 50) and (potassium, 

position 51). See Appendix A for the lookup table for the variables. 
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Table 6.8: The detected patterns of the male and female pigs are compared. 

Variable 

(position, 

cumulative  

NSEMI value) 

Level 2: Cumulative Pattern (variables it 

shares significant links with: name, 

position, NSEMI value) 

Level 2: Shared HC 

Variable Type 

cis-

Polyunsaturated 

Fatty Acids 

(6,4.232) 

Peak Type 1 

Omega-6 

Polyunsaturated 

Fatty Acids (9, 

4.484) 

Peak Type 1 

C20:4 Arachidonic 

(33, 4.128) 

Peak Type 2 

C22:5 

Docosapentaenoic 

(39, 4.294) 

Peak Type 2 

Copper (45, 4.669) Peak (Zinc,54,-0.438) Type 2 

Magnesium (47, 

4.324) 

Peak (Phosphorus,50,0.417; 

Potassium,51,0.44) 

Type 3 

Potassium (51, 

4.31) 

Peak (Phosphorus,50,0.557; 

Magnisium,47,0.44) 

Type 3 

Sodium (53, 

4.269) 

Peak (Iron,46,-0.387) Type 2 

Selenium (52, 

1.396) 

Dip  

 

The association graphs in Figure 6.9 and Figure 6.10 provide a network displaying only 

those variables that are identified during level 2 analysis of the network to belong to 

either one of the three types of HC variables.  At first glance, some of these relationships 

are expected, such as the interdependency between the fat and calories which is common 

to both lines of pig. Both of these variables are identified as Type 1.  Similarly, the 

associations among potassium, magnesium, and phosphorus are preserved between the 

sexes.  Interestingly, the HC typing found by the level 2 analysis is preserved.  The key 

difference here is that the strength of the association is lower for the female samples.  For 
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Fatty acids, it is noteworthy, that not only are associations of the cis-Polyunsaturated with 

both Omega-6 Polyunsaturated and with C18:2 Linoleic fatty acids preserved in both 

sexes, but also the level 2 typing (all 3 variables have been identified as Type 1 in both 

sexes).  No difference is observed in the strength of the associations. Table 6.9 lists all 

the shared associations as detected during the level 2 analysis, and Table 6.10 provides a 

comparison of the identified level 2 variable types for the sexes, revealing a similar 

number of HC variables, 34 females, and 29 males, with 29 variables shared by the sexes 

having the same level 2 types.  

Overall, the comparison of the male and female data indicates similar patterns of 

association with the level 2 analysis, displaying similar patterns for convergent 

associations.  By using the cumulative measure for mutual information, differences can 

be found between the sexes, in a few select fatty acids and minerals.  In contrast, a 

comparison of only the HC variables and their associations reveals fewer differences 

between the sexes.  The primary differences exist in the strength of the associations. 
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Figure 6.9:  The association graph incorporates the level 2 analysis results for the female pigs at 

99% confidence level.  Type 1 nodes are represented as diamonds; Type 2 nodes are represented 

as rectangles; and Type 3 nodes are represented as circles.  The association strength is color 

coded, with the line thickness proportional to the strength of the pairwise association.  The color 

coding for edges:  Yellow (NSEMI ≥ 5σ); Blue (NSEMI ≥ 4σ); Green (NSEMI ≥ 3σ); Red 

(NSEMI ≥ 2σ), where σ are the standard deviations. The open source graph visualization 

software, Graphviz, was used for generating the graph. 
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Figure 6.10:  The association graph incorporates the level 2 analysis results for the male pigs at 

99% confidence level.  Type 1 nodes are represented as diamonds; Type 2 nodes are represented 

as rectangles; and Type 3 nodes are represented as circles.  The association strength is color 

coded, with the line thickness proportional to the strength of the pairwise association.  The color 

coding for edges:  Yellow (NSEMI ≥ 5σ); Blue (NSEMI ≥ 4σ); Green (NSEMI ≥ 3σ); Red 

(NSEMI ≥ 2σ), where σ are the standard deviations. The open source graph visualization 

software, Graphviz, was used for generating the graph. 

 

Table 6.9: The shared associations are detected during the level 2 analysis for the female and 

male pigs. 

Association (Variable – Variable) 

(Omega-6 Polyunsaturated Fatty Acids) − (cis-Polyunsaturated Fatty Acids) 

(C18:2 Linoleic) − (cis-Polyunsaturated Fatty Acids) 

(Fat) – (Kilocalories) 

(C18:1 Oleic) − (cis-Monounsaturated Fatty Acids) 

(Potassium) − (Magnesium) 

(Potassium) − (Phosphorus) 

(Magnesium) − (Phosphorus) 

(C22:6 (DHA)) − (C18:2trans) 
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Table 6.10: The comparison of the identified level 2 variable types for the female and male pigs. 

Variable Position  Female Male 

Ash (g/100g) 0 −  −  

Carbohydrates (g/100g) 1 −  −  

Protein (g/100g) 2 −  −  

Kilocalories (/100g) 3 Type 1 Type 1 

Fat (g/100g) 4 Type 1 Type 1 

cis-Monounsaturated Fatty Acids 5 Type 1 Type 1 

cis-Polyunsaturated Fatty Acids 6 Type 1 Type 1 

Conjugated Linoleic Acid 7 Type 3  − 

Omega-3 Polyunsaturated Fatty 

Acids 

8 Type 1 Type 1 

Omega-6 Polyunsaturated Fatty 

Acids 

9 Type 1 Type 1 

Saturated Fatty Acids 10 −  −  

Trans-Fatty Acids 11 Type 2 Type 2 

C4 Butyric 12 −  −  

C6 Caproic 13 −  −  

C8 Caprylic 14 −  −  

C10 Capric 15 Type 1 Type 1 

C12 Lauric 16 −  −  

C14 Myristic 17 Type 1 Type 1 

C14:1 Myristoleic 18 Type 3 −  

C16 Palmitic 19 Type 3 −  

C16:1 Palmitoleic 20 −  −  

C18 Stearic 21 −  −  

C18:1 Oleic 22 Type 1 Type 1 

C18:1trans 23 −  −  

C18:2 Linoleic 24 Type 1 Type 1 

C18:2trans 25 Type 2 Type 2 

C18:3 Gamma Linolenic 26 Type 3  − 

C18:3 Linolenic 27 Type 3 Type 3 

C18:4 Moroctic 28 −  −  

C20 Arachidic 29 −  −  

C20:1 30 −  −  

C20:2 Eicosadienoic 31 −  −  

C20:3 Eicosatrienoic 32 Type 1 Type 1 

C20:4 Arachidonic 33 Type 2 Type 2 

C20:5 W3 (EPA) 34 −  −  
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C22 :0 Behenic 35 −  −  

C22:1 Erucic 36 −  −  

C22:2 Docasadienoic 37 −  −  

C22:4 Docosatetraenoic 38 Type 2 Type 2 

C22:5 Docosapentaenoic 39 Type 2 Type 2 

C22:6 (DHA) 40 Type 2 Type 2 

C24:0 41 −  −  

C24:1 Nervonic 42 Type 2 Type 2 

Calcium (Ca) (mg/100g) 43 Type 2 Type 2 

Chromium (Cr) (mg/100g) 44 Type 2 Type 2 

Copper (Cu) (mg/100g) 45 Type 2 Type 2 

Iron (Fe) (mg/100g) 46 Type 2 Type 2 

Magnesium (Mg) (mg/100g) 47 Type 3 Type 3 

Manganese (Mn) (mg/100g) 48 Type 2 Type 2 

Molybdenum (Mo) (mg/100g) 49 Type 3  − 

Phosphorus Total (P) (mg/100g) 50 Type 1 Type 1 

Potassium (K) (mg/100g) 51 Type 3 Type 3 

Selenium (Se) (mg/100g) 52 −  −  

Sodium (Na) (mg/100g) 53 Type 2 Type 2 

Zinc (Zn) (mg/100g) 54 Type 2 Type 2 

 

  



 

102 

 

Chapter 7 

Conclusions 

 

This thesis presents the development of a multi-level network modelling approach of two 

levels of granulation for biological data.  The level 1 detects mutual pairwise associations 

regardless of their linearity by using a measure of the normalized expected mutual 

information (NSEMI).  The resulting associations are both normalized and statistically 

significant.  We then extend the analysis to include a second level to identify convergent 

associations.  Initially, a cumulative measure of expected information is defined as the 

sum of all the convergent association (Cumulative NSEMI).  Next, by measuring both the 

strength and numbers of direct neighbouring associations, the variables are classified into 

different types of Highly Connected (HC).  This information is adopted to validate the 

associations detected by level 1.  This results in improvements in the accuracy of the 

prediction with significant reductions in the false positive counts with little or no 

decrease in the true positive counts. 

The proposed approach is tested by using the benchmark data of five known 

network structures from Yeast and E.coli.  The level 1 analysis produces predictions with 

accuracies above 95%.  The level 2 analysis, as expected, produces improvements in the 

accuracy primarily due to the significant reductions in the number of false positives, 

ranging from as low as 27% and as high as 33% in some datasets.  Next, the benchmark 
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data is chosen to test two network discovery methods, K2 and BDeu, used in Bayesian 

networks, yielding improved predictions.  We then incorporate level 2 granulation in two 

well cited alternative information theoretic algorithms, CLR and ARACNE.  We detected 

improvement in false positives and performance accuracy.   The false positives and 

performance accuracy improved. 

Experiments using the novel granular approach on chemical composition 

produces clear patterns of associations that are visualize.  A comparative analysis reveals 

clear differences in mutual associations, cumulative association and level 2 types between 

pig lines (transgenic vs. conventional) and sexes.  Unlike the benchmark evaluations, 

where the proposed approach is validated by using known network structures, it is 

necessary to rely on expert knowledge in the literature to confirm detected associations.  

In fact, many detected associations are expected.  During the comparative analysis, 

similar patterns of associations are observed for transgenic and conventional male and 

female pigs. The key difference is in the strength of the associations, where the male pigs 

and conventional pigs have stronger associations than the female pigs and transgenic 

pigs, respectively.  The model describing the associations that are mutual and convergent, 

is easily visualized, and is the foundation for further comparative analysis, where classes 

of organisms are compared on the basis three separate quantities:  NSEMI (Equation 9), 

cumulative NSEMI (Equation 10) and presence and type of HC variables. Using this, we 

were able to demonstrate differences and similarities between transgenic and 

conventional pigs as well as male and female pigs.  

The cumulative NSEMI (Equation 10) sums all the convergent associations, 

regardless of their strength and accuracy.  Are all the weak associations true positive?  
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The benchmark evaluations imply the contrary to be true.  Consequentially, the 

cumulative measure favours those variables that participate in many weak interactions.  

This is what motivated to derive a more selective measure of the convergent associations, 

taking into account only those converging associations that are significantly strong.   

Classifying a variable on the basis of frequency and the strength of the significant 

converging associations, does facilitate comparison between networks displaying only 

HC variables.  In contrast, the more global cumulative measure incorporates even the 

weakest observed associations.    

Visualization tools are created to help observe different patterns of mutual and 

convergent associations.  The cumulative plot is used for visualizing the cumulative type 

of converging patterns (i.e., Peaks, Dips), for comparing networks.  By displaying only 

HC variables, we produce a more simple and accurate graphical representation of an 

association network.  The graph has a reduced number of variables and edges, presenting 

a simpler basis for comparing single networks visually, side by side.  This is an 

improvement on traditional approaches, that display nodes and edges that are weak and 

possibly false. 

 

7.1 Future Considerations 

Alternative approaches for comparing pairwise associations between networks should be 

investigated. This research demonstrates how normalized significant expected mutual 

information can be used to compare the strength of the detected associations.  To 
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demonstrate this, we employed mathematical subtraction to determine differences 

between organisms with respect to detected associations (Equation 15).  The use of log 

ratios and relative differences as a means to investigate differences is a possible 

alternative.  

In the level 2 analysis of the network, the variables are segregated into types 

according to the number and strength of the associations.  To do so, the new concept of 

Highly Connected variables is realized.  Each variable is classified into types, based on 

its number of strong pairwise associations.  This information is then incorporated into the 

association detection algorithm.  Currently, only the variable’s direct neighbours are 

examined.  The examination can be extended to include farther neighbours, n edges away 

from the variable (Figure 7.1). Here we will segregates the variables not only on the 

number and strength of the direct associations they participate in, but also on whether 

they are connected to other HC variables, as well as the spatial proximity of this 

association.   A variable might be highly connected directly by participating in many 

significantly strong associations and\or indirectly, having descendant variables that are 

highly connected.   With this, it is possible define the concept of HC order, where a 

variable that is highly connected directly, is in the first order, and if any of its children are 

classified as highly connected, that variable is in the second order, and so on.  Bu using 

this approach, a variable may belong to multiple HC orders. 
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Highly 

Connected

variable

Highly 

Connected

variable

Highly 

Connected

variable

 

Figure 7.1:  Expanding the level 2 analysis to include farther variables.  The inside node is a 1
st
 , 

2
nd

 and  3
rd

 order HC variable, since at least one of its children and grandchildren nodes are HC 

variables. 

 

Networks can then be described further to include information about Highly 

Connected variables of various orders.  Comparative network analysis can then be 

expanded to analyze the differences not only with respect to HC types but also the order 

of HC variables.      
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Appendix A 

Chemical Composition Variables 

 

The following is a listing of the Chemical composition data used in the Enviropig™ 

evaluations (Table A.1).  48 pigs samples are taken from the muscle tissue.  The samples 

are composed of 24 male (12 transgenic and 12 conventional) and 24 female (12 

conventional and 12 transgenic) pigs.   

Table A.1:  The chemical composition attributes and their position in the set. 

Attribute Name Position  

General:  

Ash (g/100g) 0 

Carbohydrates (g/100g) 1 

Protein (g/100g) 2 

Kilocalories (/100g) 3 

Fat (g/100g) 4 

Fatty Acids (% of Total Fat):  

cis-Monounsaturated Fatty Acids 5 

cis-Polyunsaturated Fatty Acids 6 

Conjugated Linoleic Acid 7 

Omega-3 Polyunsaturated Fatty Acids 8 

Omega-6 Polyunsaturated Fatty Acids 9 

Saturated Fatty Acids 10 

Trans-Fatty Acids 11 

C4 Butyric 12 

C6 Caproic 13 

C8 Caprylic 14 

C10 Capric 15 

C12 Lauric 16 

C14 Myristic 17 

C14:1 Myristoleic 18 

C16 Palmitic 19 
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C16:1 Palmitoleic 20 

C18 Stearic 21 

C18:1 Oleic 22 

C18:1trans 23 

C18:2 Linoleic 24 

C18:2trans 25 

C18:3 Gamma Linolenic 26 

C18:3 Linolenic 27 

C18:4 Moroctic 28 

C20 Arachidic 29 

C20:1 30 

C20:2 Eicosadienoic 31 

C20:3 Eicosatrienoic 32 

C20:4 Arachidonic 33 

C20:5 W3 (EPA) 34 

C22 :0 Behenic 35 

C22:1 Erucic 36 

C22:2 Docasadienoic 37 

C22:4 Docosatetraenoic 38 

C22:5 Docosapentaenoic 39 

C22:6 (DHA) 40 

C24:0 41 

C24:1 Nervonic 42 

Minerals:  

Calcium (Ca) (mg/100g) 43 

Chromium (Cr) (mg/100g) 44 

Copper (Cu) (mg/100g) 45 

Iron (Fe) (mg/100g) 46 

Magnesium (Mg) (mg/100g) 47 

Manganese (Mn) (mg/100g) 48 

Molybdenum (Mo) (mg/100g) 49 

Phosphorus Total (P) (mg/100g) 50 

Potassium (K) (mg/100g) 51 

Selenium (Se) (mg/100g) 52 

Sodium (Na) (mg/100g) 53 

Zinc (Zn) (mg/100g) 54 
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Appendix B 

Benchmark Results 

 

The following tables provide the Benchmark results for each confidence level used (99%, 

95%), for all five benchmark datasets. The abbreviations in the headings are: SD 

(Standard Deviation); TP (True Positive counts); TN (True Negative counts); FP (False 

Positive counts); FN (False Negative counts); TPR (True Positive Rate); FPR (False 

Positive Rate); ACC (Accuracy); MCC (Mathews Correlation Coefficient). 

Table B.1:  The complete benchmark results for Dataset 1, 99% confidence level. 

Level 2 

Type  

Level 1 

SD  

TP TN FP FN TPR FPR ACC F-Measure MCC 

1 4 14 4770 11 155 0.08284 0.002301 0.966465 0.14433 0.206319 

1,2 4 14 4770 11 155 0.08284 0.002301 0.966465 0.14433 0.206319 

1,2,3 4 14 4770 11 155 0.08284 0.002301 0.966465 0.14433 0.206319 

3 4 13 4770 11 156 0.076923 0.002301 0.966263 0.134715 0.195083 

None 4 14 4768 13 155 0.08284 0.002719 0.966061 0.142857 0.197539 

2 4 12 4770 11 157 0.071006 0.002301 0.966061 0.125 0.183458 

1 3 21 4744 36 149 0.123529 0.007531 0.962626 0.185022 0.197999 

3 3 19 4740 41 150 0.112426 0.008576 0.961414 0.165939 0.172338 

1,2 3 21 4738 42 149 0.118343 0.008994 0.961212 0.172414 0.177144 

1,2,3 3 21 4736 44 149 0.118343 0.009412 0.960808 0.17094 0.173766 

2 3 18 4738 43 151 0.106509 0.008994 0.960808 0.156522 0.160509 

None 3 22 4726 55 147 0.130178 0.011504 0.959192 0.178862 0.174146 

1 2 28 4644 137 141 0.16568 0.028655 0.943838 0.167665 0.138618 

3 2 30 4640 141 139 0.177515 0.029492 0.943434 0.176471 0.147186 

2 2 28 4633 148 141 0.16568 0.030956 0.941616 0.162319 0.132115 

1,2 2 28 4629 152 141 0.16568 0.031793 0.940808 0.160458 0.129882 

1,2,3 2 30 4624 157 139 0.177515 0.032838 0.940202 0.168539 0.137797 

None 2 31 4605 178 136 0.185629 0.037215 0.936566 0.164894 0.133252 
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1 1 45 4378 403 124 0.266272 0.084292 0.893535 0.145867 0.115182 

2 1 44 4355 426 125 0.260355 0.089103 0.888687 0.137715 0.106084 

3 1 45 4350 431 124 0.266272 0.090149 0.887879 0.139535 0.108485 

1,2 1 46 4345 436 123 0.272189 0.091194 0.887071 0.141321 0.110864 

1,2,3 1 47 4326 455 122 0.278107 0.095168 0.883434 0.140089 0.110046 

None 1 49 4268 513 120 0.289941 0.1073 0.872121 0.134063 0.104544 

 

Table B.2:  The complete benchmark results for Dataset 1, 95% confidence level. 

Level 2 

Type  

Level 1 

SD  

TP TN FP FN TPR FPR ACC F-Measure MCC 

1 4 12 4770 11 157 0.071006 0.002301 0.966061 0.125 0.183458 

1,2 4 12 4770 11 157 0.071006 0.002301 0.966061 0.125 0.183458 

2 4 9 4772 9 160 0.053254 0.001882 0.965859 0.096257 0.154982 

1,2,3 4 12 4769 12 157 0.071006 0.00251 0.965859 0.124352 0.179067 

3 4 10 4770 11 159 0.059172 0.002301 0.965657 0.105263 0.158892 

None 4 12 4765 16 157 0.071006 0.003347 0.965051 0.121827 0.163825 

1 3 19 4734 47 150 0.112426 0.009831 0.960202 0.161702 0.162432 

2 3 18 4734 47 151 0.106509 0.009831 0.96 0.153846 0.154221 

3 3 18 4734 47 151 0.106509 0.009831 0.96 0.153846 0.154221 

4 3 19 4731 50 150 0.112426 0.010458 0.959596 0.159664 0.157938 

1,2 3 19 4728 53 150 0.112426 0.011086 0.95899 0.157676 0.153709 

None 3 21 4719 62 148 0.12426 0.012968 0.957576 0.166667 0.157398 

1 2 31 4610 171 138 0.183432 0.035767 0.937576 0.167116 0.135535 

3 2 29 4608 173 140 0.171598 0.036185 0.936768 0.156334 0.124289 

2 2 31 4603 178 138 0.183432 0.037231 0.936162 0.164021 0.132022 

1,2 2 33 4595 186 136 0.195266 0.038904 0.934949 0.170103 0.138082 

1,2,3 2 33 4587 194 136 0.195266 0.040577 0.933333 0.166667 0.134289 

None 2 35 4563 218 134 0.207101 0.045597 0.928889 0.165877 0.133172 

3 1 47 4194 587 122 0.278107 0.122778 0.856768 0.117061 0.084405 

1 1 54 4178 603 115 0.319527 0.126124 0.854949 0.130751 0.103515 

2 1 48 4156 625 121 0.284024 0.130726 0.849293 0.114014 0.08122 

1,2 1 54 4131 650 115 0.319527 0.135955 0.845455 0.123711 0.09544 

1,2,3 1 54 4117 664 115 0.319527 0.138883 0.842626 0.121759 0.093152 

None 1 58 4060 721 111 0.343195 0.150805 0.831919 0.122363 0.095939 

 

Table B.3:  The complete benchmark results for Dataset 2, 99% confidence level. 

Level 2 

Type  

Level 1 

SD  

TP TN FP FN TPR FPR ACC F-Measure MCC 

3 4 9 4699 9 233 0.03719 0.001912 0.951111 0.069231 0.126383 

2 4 7 4701 7 235 0.028926 0.001487 0.951111 0.054688 0.111414 
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1,2,3 4 9 4698 10 233 0.03719 0.002124 0.950909 0.068966 0.122284 

1 4 8 4699 9 234 0.033058 0.001912 0.950909 0.061776 0.114802 

1,2 4 8 4699 9 234 0.033058 0.001912 0.950909 0.061776 0.114802 

0 4 10 4695 13 232 0.041322 0.002761 0.950505 0.075472 0.12227 

1 3 14 4673 35 228 0.057851 0.007434 0.946869 0.09622 0.109815 

3 3 14 4673 35 228 0.057851 0.007434 0.946869 0.09622 0.109815 

2 3 14 4670 38 228 0.057851 0.008071 0.946263 0.095238 0.105286 

1,2 3 14 4667 41 228 0.057851 0.008709 0.945657 0.094276 0.101094 

1,2,3 3 14 4664 44 228 0.057851 0.009346 0.945051 0.093333 0.097198 

None 3 15 4656 52 227 0.061983 0.011045 0.943636 0.097087 0.095058 

2 2 33 4559 149 209 0.136364 0.031648 0.927677 0.15566 0.119987 

1 2 32 4560 148 210 0.132231 0.031436 0.927677 0.151659 0.116111 

3 2 32 4560 148 210 0.132231 0.031436 0.927677 0.151659 0.116111 

1,2 2 34 4547 161 208 0.140496 0.034197 0.925455 0.155606 0.117832 

1,2,3 2 35 4540 168 207 0.144628 0.035684 0.924242 0.157303 0.11846 

None 2 37 4518 191 204 0.153527 0.040561 0.920202 0.157783 0.115982 

1 1 60 4217 491 182 0.247934 0.104291 0.86404 0.151324 0.098482 

2 1 62 4210 498 180 0.256198 0.105777 0.86303 0.154613 0.102402 

3 1 62 4203 505 180 0.256198 0.107264 0.861616 0.153276 0.100842 

1,2 1 63 4188 520 179 0.260331 0.11045 0.858788 0.152727 0.100264 

1,2,3 1 66 4165 543 176 0.272727 0.115336 0.854747 0.155112 0.103325 

None 1 67 4141 567 175 0.27686 0.120433 0.850101 0.152968 0.100937 

 

Table B.4:  The complete benchmark results for Dataset 2, 95% confidence level. 

Level 2 

Type  

Level 1 

SD  

TP TN FP FN TPR FPR ACC F-Measure MCC 

1 4 7 4702 6 235 0.028926 0.001274 0.951313 0.054902 0.116503 

3 4 7 4702 6 235 0.028926 0.001274 0.951313 0.054902 0.116503 

1,2 4 7 4702 6 235 0.028926 0.001274 0.951313 0.054902 0.116503 

1,2,3 4 7 4702 6 235 0.028926 0.001274 0.951313 0.054902 0.116503 

2 4 6 4702 6 236 0.024793 0.001274 0.951111 0.047244 0.103128 

None 4 7 4700 8 235 0.028926 0.001699 0.950909 0.054475 0.106814 

3 3 15 4673 35 227 0.061983 0.007434 0.947071 0.10274 0.117634 

1 3 15 4672 36 227 0.061983 0.007647 0.946869 0.102389 0.116033 

2 3 15 4672 36 227 0.061983 0.007647 0.946869 0.102389 0.116033 

1,2 3 15 4669 39 227 0.061983 0.008284 0.946263 0.101351 0.111476 

1,2,3 3 15 4666 42 227 0.061983 0.008921 0.945657 0.100334 0.107248 

None 3 17 4663 45 225 0.070248 0.009558 0.945455 0.111842 0.117674 

1 2 35 4549 159 207 0.144628 0.033772 0.926061 0.16055 0.123186 

3 2 37 4547 161 205 0.152893 0.034197 0.926061 0.168182 0.130614 

2 2 37 4544 164 205 0.152893 0.034834 0.925455 0.167043 0.12898 
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1,2 2 37 4539 169 205 0.152893 0.035896 0.924444 0.165179 0.126326 

1,2,3 2 38 4533 175 204 0.157025 0.037171 0.923434 0.167033 0.127361 

None 2 40 4507 201 202 0.165289 0.042693 0.918586 0.165631 0.122837 

3 1 74 4030 678 168 0.305785 0.14401 0.829091 0.148893 0.097187 

1 1 73 4024 684 169 0.301653 0.145285 0.827677 0.146146 0.093684 

2 1 72 4017 691 170 0.297521 0.146771 0.826061 0.143284 0.090026 

1,2 1 74 3992 716 168 0.305785 0.152082 0.821414 0.143411 0.0905 

1,2,3 1 76 3975 733 166 0.31405 0.155692 0.818384 0.144624 0.09235 

None 1 79 3939 769 163 0.326446 0.163339 0.811717 0.144954 0.093348 

 

Table B.5:  The complete benchmark results for Dataset 3, 99% confidence level. 

Level 2 

Type  

Level 1 

SD  

TP TN FP FN TPR FPR ACC F-Measure MCC 

3 4 20 4747 11 172 0.104167 0.002312 0.96303 0.179372 0.249302 

2 4 18 4748 10 174 0.09375 0.002102 0.962828 0.163636 0.235959 

1 4 18 4746 12 174 0.09375 0.002522 0.962424 0.162162 0.226959 

1,2,3 4 20 4744 14 172 0.104167 0.002942 0.962424 0.176991 0.236648 

None 4 23 4740 18 169 0.119792 0.003783 0.962222 0.197425 0.247152 

1,2 4 18 4744 14 174 0.09375 0.002942 0.96202 0.160714 0.218784 

3 3 31 4730 28 161 0.161458 0.005885 0.961818 0.247012 0.276805 

1 3 29 4730 28 163 0.151042 0.005885 0.961414 0.232932 0.262709 

2 3 29 4728 30 163 0.151042 0.006305 0.96101 0.231076 0.257523 

1,2,3 3 31 4726 32 161 0.161458 0.006726 0.96101 0.243137 0.266535 

1,2 3 29 4726 32 163 0.151042 0.006726 0.960606 0.229249 0.252582 

None 3 34 4716 42 158 0.177083 0.008827 0.959596 0.253731 0.264231 

1 2 44 4651 107 148 0.229167 0.022488 0.948485 0.25656 0.232056 

3 2 46 4644 114 146 0.239583 0.02396 0.947475 0.261364 0.235414 

2 2 43 4642 116 149 0.223958 0.02438 0.946465 0.245014 0.218557 

1,2 2 44 4640 118 148 0.229167 0.0248 0.946263 0.248588 0.221788 

1,2,3 2 47 4633 125 145 0.244792 0.026272 0.945455 0.258242 0.230392 

None 2 51 4606 152 141 0.265625 0.031946 0.940808 0.258228 0.227523 

1 1 65 4381 377 127 0.338542 0.079235 0.898182 0.205047 0.175579 

2 1 66 4373 385 126 0.34375 0.080916 0.896768 0.205288 0.176359 

3 1 67 4365 393 125 0.348958 0.082598 0.895354 0.205521 0.177146 

4 1 67 4362 396 125 0.348958 0.083228 0.894747 0.20458 0.176212 

1,2,3 1 69 4340 418 123 0.359375 0.087852 0.890707 0.20324 0.176032 

None 1 73 4279 479 119 0.380208 0.100673 0.879192 0.196237 0.171476 
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Table B.6:  The complete benchmark results for Dataset 3, 95% confidence level. 

Level 2 

Type  

Level 1 

SD  

TP TN FP FN TPR FPR ACC F-Measure MCC 

2 4 20 4752 6 172 0.104167 0.001261 0.96404 0.183486 0.274888 

3 4 22 4750 8 170 0.114583 0.001681 0.96404 0.198198 0.28088 

1 4 22 4749 9 170 0.114583 0.001892 0.963838 0.197309 0.275826 

1,2,3 4 23 4748 10 169 0.119792 0.002102 0.963838 0.204444 0.279251 

0 4 25 4745 13 167 0.130208 0.002732 0.963636 0.217391 0.282014 

1,2 4 22 4748 10 170 0.114583 0.002102 0.963636 0.196429 0.271004 

1 3 34 4728 30 158 0.177083 0.006305 0.96202 0.265625 0.291896 

3 3 34 4727 31 158 0.177083 0.006515 0.961818 0.264591 0.289315 

2 3 32 4728 30 160 0.166667 0.006305 0.961616 0.251969 0.278421 

1,2 3 34 4725 33 158 0.177083 0.006936 0.961414 0.262548 0.28432 

1,2,3 3 34 4724 34 158 0.177083 0.007146 0.961212 0.261538 0.281902 

None 3 36 4715 43 156 0.1875 0.009037 0.959798 0.265683 0.274971 

1 2 50 4623 135 142 0.260417 0.028373 0.94404 0.265252 0.236219 

3 2 50 4619 139 142 0.260417 0.029214 0.943232 0.262467 0.232957 

2 2 48 4608 150 144 0.25 0.031526 0.940606 0.246154 0.215274 

1,2 2 50 4605 153 142 0.260417 0.032156 0.940404 0.253165 0.222247 

1,2,3 2 50 4600 158 142 0.260417 0.033207 0.939394 0.25 0.218664 

None 2 54 4577 181 138 0.28125 0.038041 0.935556 0.252927 0.220835 

1 1 74 4193 565 118 0.385417 0.118747 0.86202 0.178099 0.153566 

3 1 73 4185 573 119 0.380208 0.120429 0.860202 0.174224 0.148907 

2 1 72 4167 591 120 0.375 0.124212 0.856364 0.168421 0.142179 

4 1 75 4147 611 117 0.390625 0.128415 0.852929 0.170843 0.146535 

1,2,3 1 75 4130 628 117 0.390625 0.131988 0.849495 0.167598 0.143065 

None 1 81 4065 693 111 0.421875 0.145649 0.837576 0.167702 0.146851 

 

Table B.7:  The complete benchmark results for Dataset 4, 99% confidence level. 

Level 2 

Type  

Level 1 

SD  

TP TN FP FN TPR FPR ACC F-Measure MCC 

3 4 18 4736 7 189 0.086957 0.001476 0.960404 0.155172 0.241383 

1 4 20 4732 11 187 0.096618 0.002319 0.96 0.168067 0.239277 

2 4 18 4734 9 189 0.086957 0.001898 0.96 0.153846 0.231172 

None 4 20 4731 12 187 0.096618 0.00253 0.959798 0.167364 0.235006 

1,2 4 20 4731 12 187 0.096618 0.00253 0.959798 0.167364 0.235006 

1,2,3 4 20 4731 12 187 0.096618 0.00253 0.959798 0.167364 0.235006 

2 3 28 4694 49 179 0.135266 0.010331 0.953939 0.197183 0.202093 

3 3 27 4695 48 180 0.130435 0.01012 0.953939 0.191489 0.197157 

1 3 27 4694 49 180 0.130435 0.010331 0.953737 0.190813 0.195532 

1,2 3 28 4690 53 179 0.135266 0.011174 0.953131 0.194444 0.19579 
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1,2,3 3 28 4688 55 179 0.135266 0.011596 0.952727 0.193103 0.192799 

None 3 29 4684 59 178 0.140097 0.012439 0.952121 0.19661 0.193379 

2 2 49 4604 139 158 0.236715 0.029306 0.94 0.248101 0.217203 

1 2 49 4597 146 158 0.236715 0.030782 0.938586 0.243781 0.211907 

1,2 2 51 4591 152 156 0.246377 0.032047 0.937778 0.24878 0.21634 

3 2 46 4593 150 161 0.222222 0.031626 0.937172 0.228288 0.195645 

1,2,3 2 51 4582 161 156 0.246377 0.033945 0.93596 0.243437 0.210023 

None 2 53 4568 175 154 0.256039 0.036896 0.933535 0.243678 0.20927 

2 1 81 4328 415 126 0.391304 0.087497 0.890707 0.230441 0.202532 

1 1 81 4311 432 126 0.391304 0.091082 0.887273 0.225 0.197175 

3 1 79 4313 430 128 0.381643 0.09066 0.887273 0.22067 0.191769 

1,2 1 82 4298 445 125 0.396135 0.093822 0.884848 0.223433 0.196202 

1,2,3 1 82 4284 459 125 0.396135 0.096774 0.88202 0.219251 0.192061 

None 1 83 4247 496 124 0.400966 0.104575 0.874747 0.211196 0.184607 

 

Table B.8:  The complete benchmark results for Dataset 4, 95% confidence level. 

Level 2 

Type  

Level 1 

SD  

TP TN FP FN TPR FPR ACC F-Measure MCC 

3 4 18 4734 9 189 0.086957 0.001898 0.96 0.153846 0.231172 

2 4 17 4735 8 190 0.082126 0.001687 0.96 0.146552 0.227146 

None 4 19 4731 12 188 0.091787 0.00253 0.959596 0.159664 0.226484 

1 4 18 4732 11 189 0.086957 0.002319 0.959596 0.152542 0.221997 

1,2 4 18 4732 11 189 0.086957 0.002319 0.959596 0.152542 0.221997 

1,2,3 4 18 4732 11 189 0.086957 0.002319 0.959596 0.152542 0.221997 

3 3 30 4712 31 177 0.144928 0.006536 0.95798 0.223881 0.2511 

2 3 29 4713 30 178 0.140097 0.006325 0.95798 0.218045 0.246746 

1 3 31 4710 33 176 0.149758 0.006958 0.957778 0.228782 0.253032 

1,2,3 3 33 4707 36 174 0.15942 0.00759 0.957576 0.23913 0.259233 

1,2 3 32 4708 35 175 0.154589 0.007379 0.957576 0.233577 0.255017 

None 3 33 4703 40 174 0.15942 0.008433 0.956768 0.235714 0.250734 

2 2 55 4584 159 152 0.2657 0.033523 0.937172 0.261283 0.228517 

3 2 54 4585 158 153 0.26087 0.033312 0.937172 0.257757 0.224976 

1 2 56 4569 174 151 0.270531 0.036686 0.934343 0.256293 0.222385 

1,2 2 58 4561 182 149 0.280193 0.038372 0.933131 0.259508 0.225367 

1,2,3 2 58 4559 184 149 0.280193 0.038794 0.932727 0.258352 0.22409 

None 2 59 4541 202 148 0.285024 0.042589 0.929293 0.252137 0.217143 

2 1 90 4106 637 117 0.434783 0.134303 0.847677 0.192719 0.169922 

3 1 90 4092 651 117 0.434783 0.137255 0.844848 0.189873 0.166932 

1 1 90 4056 687 117 0.434783 0.144845 0.837576 0.182927 0.159544 

1,2 1 92 4042 701 115 0.444444 0.147797 0.835152 0.184 0.161892 

1,2,3 1 93 4037 706 114 0.449275 0.148851 0.834343 0.184891 0.163455 
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None 1 93 4011 732 114 0.449275 0.154333 0.829091 0.180233 0.15842 

 

Table B.9:  The complete benchmark results for Dataset 5, 99% confidence level. 

Level 2 

Type  

Level 1 

SD  

TP TN FP FN TPR FPR ACC F-Measure MCC 

3 4 10 4748 11 181 0.052356 0.002311 0.961212 0.09434 0.148301 

1,2,3 4 10 4748 11 181 0.052356 0.002311 0.961212 0.09434 0.148301 

1 4 9 4748 11 182 0.04712 0.002311 0.96101 0.085308 0.136051 

1,2 4 9 4748 11 182 0.04712 0.002311 0.96101 0.085308 0.136051 

None 4 11 4745 16 178 0.058201 0.003361 0.960808 0.101852 0.142687 

2 4 8 4748 11 183 0.041885 0.002311 0.960808 0.07619 0.123263 

1 3 23 4716 43 168 0.120419 0.009036 0.957374 0.178988 0.18704 

2 3 22 4714 45 169 0.115183 0.009456 0.956768 0.170543 0.176231 

3 3 23 4711 48 168 0.120419 0.010086 0.956364 0.175573 0.178725 

1,2 3 24 4710 49 167 0.125654 0.010296 0.956364 0.181818 0.184325 

1,2,3 3 25 4708 51 166 0.13089 0.010717 0.956162 0.187266 0.188249 

None 3 25 4695 64 166 0.13089 0.013448 0.953535 0.178571 0.170231 

2 2 37 4606 153 154 0.193717 0.03215 0.93798 0.194226 0.161975 

3 2 38 4605 154 153 0.198953 0.03236 0.93798 0.198433 0.166176 

1 2 38 4600 159 153 0.198953 0.03341 0.93697 0.195876 0.163105 

1,2 2 39 4592 167 152 0.204188 0.035091 0.935556 0.196474 0.163081 

1,2,3 2 40 4587 172 151 0.209424 0.036142 0.934747 0.198511 0.16484 

None 2 44 4566 193 147 0.230366 0.040555 0.931313 0.205607 0.171228 

2 1 56 4263 496 135 0.293194 0.104224 0.872525 0.15074 0.11563 

1 1 58 4257 502 133 0.303665 0.105484 0.871717 0.154461 0.120506 

3 1 56 4259 500 135 0.293194 0.105064 0.871717 0.149933 0.114753 

1,2 1 59 4234 525 132 0.308901 0.110317 0.867273 0.152258 0.118568 

1,2,3 1 59 4217 542 132 0.308901 0.113889 0.863838 0.14899 0.115001 

None 1 66 4164 595 125 0.34555 0.125026 0.854545 0.15493 0.124868 

 

Table B.10:  The complete benchmark results for Dataset 5, 95% confidence level. 

Level 2 

Type  

Level 1 

SD  

TP TN FP FN TPR FPR ACC F-Measure MCC 

1 4 13 4752 6 179 0.067708 0.001261 0.962626 0.123223 0.207489 

None 4 13 4751 8 178 0.068063 0.001681 0.962424 0.122642 0.196714 

1,2,3 4 13 4751 8 178 0.068063 0.001681 0.962424 0.122642 0.196714 

1,2 4 12 4751 8 179 0.062827 0.001681 0.962222 0.113744 0.185655 

3 4 10 4752 7 181 0.052356 0.001471 0.96202 0.096154 0.167527 

2 4 9 4752 7 182 0.04712 0.001471 0.961818 0.086957 0.1549 

1 3 25 4728 31 166 0.13089 0.006514 0.960202 0.202429 0.226509 
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2 3 22 4728 31 169 0.115183 0.006514 0.959596 0.180328 0.203366 

1,2 3 25 4725 34 166 0.13089 0.007144 0.959596 0.2 0.219624 

5 3 25 4724 35 166 0.13089 0.007354 0.959394 0.199203 0.217439 

3 3 22 4726 33 169 0.115183 0.006934 0.959192 0.178862 0.198903 

None 3 29 4717 42 162 0.151832 0.008825 0.958788 0.221374 0.231653 

3 2 41 4605 154 150 0.21466 0.03236 0.938586 0.212435 0.180496 

2 2 41 4602 157 150 0.21466 0.03299 0.93798 0.210797 0.178561 

1 2 44 4596 163 147 0.230366 0.034251 0.937374 0.221106 0.188701 

1,2 2 44 4587 172 147 0.230366 0.036142 0.935556 0.216216 0.183121 

1,2,3 2 44 4582 177 147 0.230366 0.037193 0.934545 0.213592 0.180153 

None 2 49 4552 207 142 0.256545 0.043497 0.929495 0.219239 0.185294 

2 1 74 4088 671 117 0.387435 0.140996 0.840808 0.15812 0.132746 

1 1 80 4065 694 111 0.418848 0.145829 0.837374 0.165803 0.144783 

3 1 73 4071 688 118 0.382199 0.144568 0.837172 0.153361 0.126891 

1,2 1 80 4044 715 111 0.418848 0.150242 0.833131 0.162272 0.140904 

1,2,3 1 80 4027 732 111 0.418848 0.153814 0.829697 0.159521 0.137849 

0 1 85 3971 788 106 0.445026 0.165581 0.819394 0.159774 0.141219 
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Appendix C 

Sample Calculation of a HC Variable 

 

To demonstrate how a HC variable is determined, consider the following sample 

calculation.  The results are summarized in Tables C.1 and C.2. 

Preconditions:  given a set of 5 random variables {x1, x2, x3, x4, x5}, with the following 

calculated NSEMI matrix (as determined during level 1 analysis), 

1 0.08 0.1 0.01 0.4

0.08 1 0.05 0.02 0.15

0.01 0.05 1 0.1 0.3

0.01 0.02 0.1 1 0.1

0.4 0.15 0.3 0.1 1

 
 
 
 
 
 
 
 

 

Step 1:  calculate the total amount of mutual information converging on each variable.  

For x5, it is 0.4+0.15+0.3+0.1 = 0.95 (see Table C.1).  This is the variable’s cumulative 

NSEMI. 

Step 2:  calculate the average mutual information converging on every variable (equation 

10) by dividing the total amount calculated in Step 1 by the total number of associations 

with a NSEMI > 0.  For x5, it is 0.95/4 = 0.238 (see Table C.1). 

Step 3:  calculate the standard deviation for the average calculated in Step 2, for each 

variable.  For x5, it is 0.138 (see Table C.1). 
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Step 4: for each variable, calculate the frequency with which each of its pairwise 

association has a NSEMI value greater than the mean, one standard deviation above the 

mean, and 4 standard deviations above the mean.  This gives the total number of strong 

associations a variable participates in.  In order to determine if this total is above average 

(i.e., at least one standard deviations above average), we calculate both the average and 

standard deviation separately for each variable. We repeat the calculation for all variables 

in our sample set.  A variable, with an above average (at least one standard deviation) 

frequency of pairwise associations with four standard deviations above the mean, is 

classified as Type 1 HC variable.  A variable, with an above average (at least one 

standard deviation) frequency of pairwise associations with one standard deviation above 

the mean, is classified as Type 2 HC variable. A variable with an above average (at least 

one standard deviation) frequency of pairwise associations that are above the mean is 

classified as Type 3 HC variable.  In this example sample set, the only variable classified 

as an HC variable (Type 3), having a frequency (counted as 3 associations) at least one 

standard deviations greater than the average (calculated to be 2.637), is variable x5 (see 

Table C.2).  This is a notable observation, since among all variables in our example, 

variable x5 also happens to have the largest amount of cumulative NSEMI (0.95).  
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Table C.1: Sample calculation results for steps 1, 2 and 3 in determining the Type of HC variable. 

 x1 x2 x3 x4 x5 

NSEMI 0.08 0.08 0.01 0.01 0.4 

0.01 0.05 0.05 0.02 0.15 

0.01 0.02 0.1 0.1 0.3 

0.4 0.15 0.3 0.1 0.1 

Cumulative NSEMI (Step 1) 0.5 0.3 0.46 0.23 0.95 

Average (Step 2) 0.125 0.075 0.115 0.0575 0.238 

Standard Deviation (Step 3) 0.186 0.055 0.128 0.0492 0.138 

 

Table C.2:  Sample calculation results for step 4 in determining the Type of HC variable. 

 x1 x2 x3 x4 x5 Average 

No. of 

Associations 

SD 

(Standard 

Deviation) 

Cutoff 

(Average 

+ SD) 

No. of Associations  

greater than 4 

standard deviations 

above the mean 

variable x 

participates in 

0 0 0 0 0 0 0 0 

No. of Associations  

greater than 1 

standard deviations 

above the mean 

variable x 

participates in 

1 1 1 0 1 0.8 0.447 1.247 

No. of Associations  

greater than the 

mean variable x 

participates in 

1 2 1 2 3 1.8 0.837 2.637 

HC Type Type 

4 

Type 

4 

Type 

4 

Type 

4 

Type 

3 

 

 


