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Abstract 

Title: Computational Support for Predicting Requirement Change Volatility in Complex 

System Design  

Author: Phyo Htet Hein  

Advisor: Beshoy Wahib Morkos, Ph.D. 

Requirements play critical role in the design process as objective statements of 

stakeholders’ expectations. Design process is iterative, and requirements are also constantly 

changed and updated to reflect stakeholders’ expectations, design changes, regulations, 

resource limitations, etc. Managing requirement change is one of the most important 

requirement management tasks. Since requirements are driving factors in product 

development from initial concept development stage to final production, mismanaged 

requirement changes can adversely affect project health leading to monetary and time losses. 

The ability to assess a requirement change and predict its propagation early in the design 

process will enable engineers to make informed decisions regarding change implementation. 

To mitigate issues arising from requirement change propagation, prior research performed 

by Morkos culminated in the Automated Requirement Change Propagation Prediction 

(ARCPP) tool. This tool employs a retrospective change propagation method in which 

engineering changes (ECs) are mapped to respective requirement changes. The syntactic 
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natural language data, part of speech (POS) elements, extracted as requirement relators from 

requirement statements are utilized to create requirement relationships to form a requirement 

network from which change propagation due to an initial change is predicted. The tool was 

later refined to identify that noun POS relators representing physical domain are more useful 

in predicting change propagation and to recommend the number of noun POS relators to 

extract from each requirement statement. Based on this premise that change propagation can 

be predicted in the requirement domain, this research aims to assess requirement change 

propagation based on requirement change volatility. Requirement change volatility is 

determined using four volatility classes a requirement may belong to: (1) multiplier, (2) 

absorber, (3) transmitter, and (4) robust and their respective metric values, multiplicity, 

absorbance, transmittance, and robustness indicating the level of belongingness to the 

volatility classes. The volatility class metric values of each requirement are determined from 

requirement relationships of effective requirement networks produced by the refined ARCPP 

tool and requirement change data of industrial case studies. Complex network metrics of 

each requirement are calculated. Computational methods, specifically, regression analysis 

(RA), artificial neural networks (ANNs), and multilabel learning (MLL) methods are 

performed to determine if complex network metrics can be employed to determine 

requirement change volatility class metrics. The results and conclusions are presented along 

with the recommendations for the future direction of this research. 

Keywords: Complex system, engineering change, requirement change propagation, 

requirement volatility, regression, artificial neural networks, multilabel learning, data 

analysis, machine learning. 
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Chapter 1. 

Research Gaps in Requirement Change Propagation  

1.1. Motivation 

Product design and development is primarily driven by needs and requirements of 

stakeholders [1]. One of the initial steps of the engineering design process is to accurately 

identify the problem at hand, and elicit and specify requirements to drive solution 

development [2–4]. Requirements are defined as statements identifying system or product 

constraints necessary for satisfying stakeholder needs [5,6]. Requirements translate 

stakeholder expectations into objective statements and specify how each expectation will be 

satisfied. Requirements are also used as benchmarking tools to evaluate the ability of existing 

solutions to meeting customer needs and to evaluate different concepts bases on how well 

they meet the customer needs [7,8]. Therefore, requirements play an indispensable role in 

the design process [1,2,9–12]. The proper elicitation and maintenance of requirements is 

critical to a project’s success [2,3]. Requirements would ideally remain unchanged after 

elicitation, but due to the iterative and dynamic nature of the design process, requirements 

are frequently updated to reflect project goals along the design process. This evolution of 

requirements is often caused by changes in stakeholder expectations, changes to the design 

process, changing technologies, operational environments, and business needs [13]. It is 
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important to note that this change is not a negative element of design as it is a necessary 

element that designers must handle for design improvements. Along the evolution of 

requirements, many requirement management tasks such as documentation, status tracking, 

requirement tracing, change control, verification, validation, etc., [14] are often neglected 

and this negligence can lead to monetary and time losses [8,15].  

Requirements change can be associated with engineering changes (ECs) that roots 

from different sources within the design process at any stage of the product life cycle [16]. 

Those changes occur when changes to products, documents, components, manufactured or 

purchased parts, processes, or even supplies are requested and implemented [17]. Changes 

made to a requirement may propagate unforeseeably to other requirements based on 

relationships between them resulting in subsequent engineering changes. Change 

propagation adds uncertainty to a system [18], which makes it difficult for engineers to 

predict how it will respond to a proposed change. Other negative consequences include, but 

not limited to: increase in complexity [6,19], opportunity for data loss [20], and cost and 

time [21]. Uninformed implementation of requirement changes may even cause a project to 

fail prematurely [2,22,23]. A designer may save time and money if it is possible to assess 

overall effects of a requirement change before implementing it [24]. The ability to predict 

requirement change propagation will enable designers and engineers to make informed 

decisions regarding change implementation and avert management costs caused by 

unanticipated related subsequent changes in the system [25]. 
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1.2. Intellectual Merit 

Research in change and change propagation roots from studies in change 

management, engineering design, decision theory, product development, complexity, graph 

theory, and design for flexibility [26,27]. A change to a design element may result in 

additional propagating changes to different design elements [18,28]. Methods for predicting 

change propagation have been researched in the software engineering field [29,30], but they 

are not appropriate for electromechanical designs [8]. Eliciting, modeling, and analyzing 

requirements are key challenges for requirement engineering [31] and necessitate the need 

for requirement management tools for requirement modeling as a mean to capture, 

communicate, track, analyze, verify, validate, view, and manage hundreds of hierarchical 

and interrelated requirements for large and complex systems [32]. Several change 

representation and modeling approaches were investigated in [8] for their use as change 

modeling, managing, or predictive tools. Tools such as Systems Modelling Language 

(SysML), Unified Modeling Language (UML), and IBM Doors were also investigated for 

their ability in managing requirement in [33]. It is found that their capabilities are limited in 

supporting reasoning and management of change and change propagation. As a survey on 

requirements showed that 79% of requirement documents are written in common natural 

language [34,35], prior research in requirement change management yielded the Automated 

Requirement Change Propagation Prediction (ARCPP) tool that models a retrospective 

change propagation method that utilizes natural language data from requirements documents 

to create requirement network relationships to predict change, analyze requirement 

sensitivity, and evaluate requirement change impact as a result of an initiating requirement 
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change [8,36]. The tool is notable for two main reasons: (1) it is found to be the only 

requirement change propagation prediction tool in existence and (2) the tool’s utilization of 

requirements for prediction of change allows for finer resolution of change within or across 

subsystems at early design stage [37]. It was later refined to identify that physical domain is 

more useful for predicting change [37]. The effectiveness of the ARCPP tool is evidenced 

by requirement change propagation predictions in multiple heterogeneous industrial case 

studies. Though change propagation can be predicted using requirements, there is still a need 

to develop computational support to predict and minimize unanticipated change propagation 

in requirements early in the design process and before implementing changes.  

The intellectual merit of this research, addressing the aforementioned need, is to 

enable designers to analyze change volatility of individual requirement to assess change 

propagation. Every requirement is analyzed for four requirement change volatility classes 

during every instance of change: (1) multiplier, (2) absorber, (3) transmitter, and (4) robust 

as shown in Figure 1 based on their metric values, multiplicity, absorbance, transmittance, 

and robustness, indicating the level of the volatility class belongingness. Multiplicity is 

defined as the ability of a requirement to cause related requirements to change when affected 

or changed by an initial change. Absorbance is defined as the ability of a requirement to not 

cause related requirements to change when affected or changed by an initial change. 

Transmittance is defined as the ability of a requirement to cause related requirements to 

change even though it is not affected or changed by an initial change. Robustness is defined 

as the ability of a requirement to remain unaffected by an initial change and does not transmit 

the change to related requirements. These volatility class metrics will be determined using 

requirement change data of heterogeneous industrial case studies and requirement 
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relationships obtained from effective requirement networks obtained from the refined 

ARCPP tool. Complex network metrics of individual requirement will also be calculated 

using the same networks. Complex network metrics will be used to determine requirement 

change volatility class metrics using computational models to access change propagation. 

Being able to access the change volatility nature of individual requirement will enable 

designers to make informed decisions during requirement change process. 

 

Figure 1: Requirement Change Volatility Classes 

1.3. Broader Impact 

The fundamental benefit of this dissertation is the ability to predict change 

propagation through requirement change volatility. If complex network metrics of 

requirements can be predictors of requirement change volatility classes, engineers and 

designers will be able to predict change propagation of an initial requirement change by 
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assessing other requirements it is connected to for their change multiplicity, transmittance, 

absorbance, and robustness metric values. The results from this research will contribute not 

only to research community and industry but also on how we educate engineers in the 

classroom. There are three main broader impacts of this research: (1) research, (2) practice, 

and (3) education.  

Research: Requirements are evidently critical elements in the design process. This research 

addresses a gap in both describing and prescribing how requirements could be used 

throughout the design process, specifically exploring the requirement change volatility 

which is not yet well understood to assess change propagation. If successful, a new branch 

of design requirement management in decision science will be introduced.  

Practice: Attempting to explore the utility of requirements and their change volatility can 

provide designers with a predictive capability for requirement change. This will enable the 

utilization of tools and methods to formalize requirement change management and how this 

formalization can improve how we make design changes and predict change impacts, 

therefore increasing design efficiency in terms of incurred time and cost.  

Education: The utilization of requirements in design education is currently very limited. It 

is found that engineering students do not properly employ requirements in their design 

projects [38]. Introducing the knowledge of requirement change volatility into the classroom 

will transform how we teach design and use requirements throughout the design process 

taught in engineering courses. This will help in producing engineers with foresight to 

properly manage design projects before entering industry.  

This research is presented as follows: Chapter 2 presents the extensive literature 

review on engineering change, requirement change propagation, existing approaches in 
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change propagation, and motivating research studies for this dissertation. Chapter 3 presents 

the motivating research studies and the proposed research in this dissertation. Chapter 4, 

Chapter 5, Chapter 6, and Chapter 7 detail the research tasks performed to address the 

research questions. Chapter 8 presents the results and Chapter 9 presents the conclusions, 

recommendations, and future directions of this research. 
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Chapter 2. 

Literature Review 

 This chapter presents extensive literature review relevant for this dissertation. 

Section 2.1 and section 2.2 describes the background information on engineering change and 

requirement change propagation. Section 2.3 presents the current existing approaches that 

address change and change propagation.  

2.1. Engineering Change 

Engineering change (EC) is defined as a modification to a product component after 

it has entered production [26]. Huang and Mak defined engineering changes as changes made 

in forms, fits, materials, dimensions, functions of a product or a component [39]. Engineering 

changes are also defined as changes to parts, drawings, or software that has already been 

released [40]. Jarratt et al. defined that “an engineering change is an altercation made to 

parts, drawings, or software that have already been released during the product design 

process. The change can be of any size or type and it can involve any number of people and 

take any length of time” [41]. The causes for these changes in various phases of the product 

development process include “changes in customer specifications, faults in the interpretation 

of customer requirements, difficulties in parts fabrication, assembly, or prototyping, quality 

problems, and development for future product revisions” [27]. Although engineering 

changes are recognized as opportunities to for product improvement to increase its value, 

they may be a ‘necessary evil’ [42], as it can also have negative effects on the system.  
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Changes rarely occur alone [18,43] and it is now widely accepted in the research 

field that an implemented change to a component of a system can propagate to changes in 

other components due to increasing dependencies between components in modern systems, 

especially large and complex ones. This process is defined as change propagation in which 

a change to a component leads to a change to another component that would not have 

otherwise occurred [18,28,43]. For example, a change to a component A may lead to a change 

in component B which in turn may lead to a change in component C. System complexity is 

related to the relationships between its components [44,45]. Cascading effects of the change 

will propagate along those relationships and increase system complexity. The more the 

number of relationships between components, the higher is the chance for a change to a 

component will propagate to other components [10]. Change propagation is also dependent 

on the type of implemented change: active changes that initiate propagation and inactive 

changes that do not [43,46]. Propagated changes and their effects are often overlooked 

[28,47]. In recent years, many firms have been focusing to become more efficient in 

engineering change management. Engineering change management (ECM) involves 

highlighting and addressing critical issues associated with engineering changes in a 

systematic and documented way. It encompasses all steps involved in requesting, 

implementing, evaluating, and tracing engineering changes associated with a system. ECM 

requires adequate communications between many different teams of a firm. A cross-

functional team that chooses what changes to implement usually oversees the EC process.  

ECs are also known to drive up development costs and can be very time consuming 

to implement. In 2005, Ford, GM, and Daimler Chrysler found out that there were 350,000 

ECs per year for all three companies and each of the ECs cost about $50,000 in their supply 
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chain [48]. Some researchers claim that engineering changes determine 70%-80% of the 

final cost of a product [49,50]. The time required to implement an engineering change 

depends on multiple factors such as, the number of systems affected by propagating change, 

effort and time required to identify all components affected by the change, the severity of 

implemented change, etc. Researchers have found that the average time required to 

implement an engineering change is 120 days; 40 days for design and development, 40 days 

for process, and 40 days for implementation in production activities [36,51,52]. In some 

cases engineering changes have been known to take more than a year to implement [36,53]. 

The cost of an EC in each successive phase within the product lifecycle is ten times more 

than the previous phase [36,54,55]. Change implementation at later stages may require 

significant investments in tooling and validation protocols to address a higher likelihood of 

change propagation in more complex stages of system design [36]. For these reasons, proper 

management and assessment of ECs should be conducted as soon as possible at early design 

stages to identify potential propagating changes and mitigate possible negative effects 

including cost and time [18,43,47,56]. 

2.2. Requirement Change Propagation 

Requirements are one of the important essential initial documents of the design 

process because they represent the information flow between involving parties including 

designers, customers, marketers, etc. The requirements Engineering Handbook defines 

requirements as “a necessary attribute of a system; a statement that identifies a capability, 

characteristic, or quality factor of a system in order for it to have value and utility to a 
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customer or user” [57]. The definition of the Rational Unified Process states requirements 

as “a condition or capability to which a system must conform; either derived directly from 

user needs, or stated in a contract, standard, specification, or other formally imposed 

document” [32]. IEEE Std 610.12-1990 Standard Glossary of Software Engineering 

Terminology defines a requirement as “a condition or capability needed by a user solve a 

problem or achieve an objective” and “a condition or capability that must be met or possessed 

by a system or system component to satisfy a contract, standard, specification, or other 

formality” [58]. It is evident that requirements represent and define the needs of all 

stakeholders that must be satisfied by the design solutions of the system and how to fulfill 

those needs [1,9,10,12,59–64].  

In Pahl and Beitz systematic design process, requirements specifications are 

introduced early within the design process after the task is clarified and the problem is 

introduced [10]. In addition to the fact that they influence on downstream design activities 

such as idea generation, verification, and testing, mismanaging requirement can be a cause 

for project failure [22,23]. There had been product development failures and unnecessary 

increases in costs, time, and quality problems due to requirement issues [7]. Requirements 

are identified as the second and third leading causes that challenges projects’ success [65]. 

According to National Defense Industrial Association (NDIA) task group, requirement 

issues rank among top five issues for failed projects [66,67]. Among many problems in 

requirements such as incomplete requirements, unrealistic requirements, lack of executive 

support, lack of user input, lack of resources, etc., one major problem is the lack of planning 

when changing the requirements [1,65]. In the context of requirements, ECs may be defined 

as any change made to formal requirements elicited for a project [8]. The study of the impact 
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of the change made to a requirement on other requirements is called the impact analysis and 

it supports the change management process [1]. Requirements change due to various reasons 

in the development process. The causes include, but not limited to stakeholders’ 

expectations, design changes, regulations, resource limitations, changes in quality control 

and manufacturing processes, etc. Design projects typically evolve as an iterative dynamic 

process [68–73], and hence, related requirements evolve in a similar manner as well 

[8,23,74,75]. Requirement changes can occur during any stage of the design process, thereby 

affecting product attributes including dimensions, fits, dorms, functions and materials [42]. 

Customers, marketers, and designers use different contexts and semantics to express, 

document, communicate, and agree requirements, which negatively impacts requirement 

synthesis and may lose requirement specifics [76,77].  

As shown in Figure 2, the design process consists of four phases namely, task 

clarification, conceptual design, embodiment design, and detail design and the requirement 

specifications are constantly updated during each phase as shown by the left bar [10]. 

Depending on the type of project, there may be an internal requirement change when a 

system component requires a larger spatial geometry or an external requirement change 

when governmental regulations on system safety are changed [28,78,79]. In addition, 

changes in understanding of the problem or internal budget constraints can cause 

requirement changes [80]. The requirement change may also be localized requirement 

changes which occur to the specific syntactical structure of a requirement or globalized 

requirement changes which occur to a requirement document propagating from a localized 

change [8,81]. These requirement changes may propagate in two forms: (1) single 

requirement change propagation in which a change in a single requirement causes 
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unforeseen propagations due to its relationships with other requirements (e.g. a change to 

braking system spatial requirement causes a change to suspension geometry requirement) or 

(2) cumulative requirement change propagation in which cumulative changes results in a 

change to another requirement (e.g. a change to passenger capacity requirement and a change 

to fuel tank size requirement cumulatively result in a need to change the suspension weight 

rating requirement, but individually would not result in a warranted change in suspension 

weight rating) [8]. It is important to note that in this research, globalized single and 

cumulative requirement changes resulting from both internal and external changes are 

analyzed. It is also important to note that it is not the change that can be detrimental to the 

design process; it is the unmanaged changes that may propagate to other requirements. 
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Figure 2: Overview of the Pahl and Beitz Systematic Design Process [10] 
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It is evident that requirements evolve over time due to various changes in their 

description to reflect changes in new customer expectations and clarifications. Prior research 

has shown that more than half of a system’s requirements are likely to change before project 

completion [2,82,83]. Many product development methods employed today anticipate rapid 

fluctuations in requirements [72,84,85]. However, very little research has been performed to 

effectively model and manage these requirement fluctuations and changes [2,23,86,87]. 

Engineering changes initiated by changes in requirement statements result in increased costs 

and lead-time [36]. Many studies have shown that cumulative effect of requirement change 

propagation at any scale can have detrimental effects on project operations [21,28,36,88]. 

This is evidenced by multiple industrial case studies performed to assess the impact of 

mismanaged engineering changes [2,8,36]. Therefore, it is necessary to manage requirement 

change to ensure that the effects are not detrimental [31]. 

2.3. Background Research on Change Propagation 

Researchers in change and change propagation root from studies in change 

management, engineering design, decision theory, product development, complexity, graph 

theory, and design for flexibility [26,27]. Kreimeyer and Lindemann states that “a system is 

a set of entities of (possibly) different types that are related to each other via various kinds 

of relations. The system is delimited by system border, across which inputs and outputs of 

the system are possible as an interaction with the environment. The system fulfills a purpose, 

which guides the meaningful arrangement of entities and relations. The behavior of the 

system is, in turn, due to the arrangement of the system’s elements” [89]. It is therefore 
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evident that the system is characterized by its entities and their relations’ structure, 

configuration, interaction, response, etc. [89]. In change context, change can be regarded as 

an input to the system and change propagation can be considered as response of the system 

entities (component, subsystem, or system level) due to interactions along their relationships. 

To study these characteristics, matrix based methodologies has been developed in the 

research area, originating from the popular tool known as Design Structure Matrix (DSM), 

a square adjacency matrix representation of directed or undirected network, to represent 

system’s entities and their relationships as shown in Figure 3 [90,91]. DSMs are classified 

into four types namely, component based DSM, team based DSM, activity based DSM, and 

parameter based DSM, by Browning as shown in Figure 4 [92]. Binary DSMs represent the 

relationship existence and numerical DSMs represent strength of the relationship. As shown 

in Figure 5, Eppinger studied and compared interactions between product, process, and 

organization domains by utilizing DSMs from each domain [93]. Figure 6 shows the 

comparison of DSMs from different domains using rectangular Domain Mapping Matrix 

(DMM) by Danilovic and Browning [94]. Bartolomei developed Engineering Systems 

Matrix (ESM) shown in Figure 7, a single adjacency matrix with six varying classes 

representing several domains such as technical, functional, process, social, environmental, 

etc. [95]. Many studies in engineering change management utilize entity-relations structure 

in a matrix or network representation either in single or multiple domain models. 
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Figure 3: Example Binary DSM [91] 

 

Figure 4: Excerpt of Summary of Four DSM Types Characteristics [92] 
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Figure 5: DSMs in Three Domains of Product Development [93] 

 

Figure 6: DSM and DMM with Respective Domain Interactions [94] 
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Figure 7: Engineering Systems Matrix [95] 

2.3.1. Non-Network Approaches in Change Propagation 

This section details reviewed change propagation literature that do not utilize 

complex network approach. Although this group of studies does not make use of network 

approaches, many consider system entities (or their attributes) and their relationships in 

DSM representation for modeling. 

2.3.1.1. Change Prediction Method 

To predict change propagation in complex design, Clarkson et al. developed a 

method based on past change propagation data using a case study of a helicopter project. The 

method is called Change Prediction Method (CPM) which outputs a risk matrix in terms of 
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likelihood and impact of propagation between every component in the system based on their 

relationship DSM [16]. The CPM involves creating a product model, completing dependency 

matrices, and computing predictive matrices. In creating a product model, a product is 

broken down into subsystems based on location, function, sourcing or other relevant 

distinguished features. Dependency DSM matrices are generated to represent interactions 

between subsystems. These interactions may be mechanical, thermal, electrical, or their 

combinations. The columns of the DSMs represent change instigating subsystems and the 

rows represent affected subsystems. Instead of just using existence of interactions (binary 

values) as in normal DSM representation, the change propagation scale between subsystems 

is measured by probabilistic risk which is defined as the product of likelihood of the change 

and impact of the subsequent change. The likelihood is defined as the average probability of 

a change in one subsystem propagating to another subsystem through their interface. The 

impact is defined as the average portion of design effort needed if the change propagates. 

Both direct and indirect relationships are accounted for by using a change propagation tree 

to produce direct and indirect likelihood and impact matrices which result in combined 

likelihood and impact matrices. The final combined change propagation risk matrix of a 

product is then computed from combined likelihood and impact matrices as shown in Figure 

8. Although the authors confirmed that the method indicates likelihood of future changes 

without the need for knowledge of the product development, the granularity and availability 

of the change data strongly influence the results and loops can be included into the analysis 

to predict additional changes to the initiating systems. This approach utilizes 

system/component information. It is unsuitable for early design use before the system 
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architecture or component information is available. It is dependent on subjective expert 

dependency creation. 

 

Figure 8: A Product Risk Matrix of CPM Method [78] 

2.3.1.2. Enhanced Change Prediction Method 

The CPM was enhanced by Hamraz and Clarkson through incorporation of function-

behavior-structure (FBS) linkage method for more detailed analysis of engineering changes 

[96]. FBS linkage method uses information from structural, behavioral, and functional 

layers. Structure defines the system’s components, Behavior describes how the system 

responds to its environmental conditions, and Function describes what the system is intended 

to do [97]. After decomposing the system into product model and before calculating 

predictive combined change risk in CPM as shown in Figure 9, FBS linkages are mapped 

and quantified. This involves five steps: (1) Map structural links: independent attributes such 
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as Material (i.e. material type, specific material properties, etc.), Geometry (i.e. diameters, 

form, shape, etc.), Surface (i.e. surface finish, surface properties, etc.), Color (i.e. color 

saturation, intensity, etc.), and Controller (i.e. transistors, chips, microprocessors, etc.) are 

considered for the structural links (2) Map behavioral links: independent behavioral 

attributes such as Mechanical (i.e. all behaviors to do with weight, moments of inertia, etc.), 

Thermal (i.e. all temperature- and heat-related behaviors), and Electrical (i.e. all behaviors 

to do with current, voltage, etc.) are identified for behavioral links (3) Map structural-

behavioral links: to determine the structural elements that determine component behaviors, 

this mapping can be done independently from components because physical laws that apply 

to components influence structural-behavioral relationships (4) Map functional links: this 

mapping considers the product as a whole and can be done as functional block diagrams with 

functions linked by flows of energy, material, and signal (5) Map function-behavior links: 

the functions blocks are assigned to components that are responsible for them and then 

specified to responsible component behaviors. The result is the product FBS linkage scheme 

model as shown in Figure 10. While the original CPM only captures physical interactions 

links, this enhanced CPM captures more detailed and specific structural, behavioral, and 

functional interactions and the method is applied to industrial application of a diesel engine 

manufacturer and evaluated by a group of experienced engineers against other ECM methods 

[98]. This approach utilizes system/component information. It is unsuitable for early design 

use before the system architecture or component information is available. It is dependent on 

subjective expert dependency creation. 
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Figure 9: Concept and Steps of FBS Linkage Method [98] 

 

Figure 10: Product FBS Linkage Model [98] 
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2.3.1.3. Change Favorable Representation 

Change Favorable Representation (C-FAR) by Cohen and Fulton uses product 

entities, relationships between entities, entities’ attributes, and relationships between entities’ 

attributes to predict change propagation. Figure 11 describes example representation of a 

bottle and liquid to develop a C-FAR matrix. C-FAR matrix provides links between one 

entity’s attributes and another entity’s attributes. The purpose of these linkage values is to 

identify how a change in an entity contributes in affecting the change of another entity [73]. 

This method requires an existing product model information for identification of entities and 

attributes to facilitate change representation and propagation [8]. This approach utilizes 

system/component information. It is unsuitable for early design use before the system 

architecture or component information is available. It is dependent on subjective expert 

dependency creation. 

 

Figure 11: Expanded C-FAR of a Bottle [73] 
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2.3.1.4. Requirement Change Propagation Method 

The Requirement Change Propagation (ReChaP) method by Ibrahim et al. attempts 

to understand and manage change in software systems [99–102]. It is unique in such a way 

that it uses requirements throughout the software development process. Requirements are 

used as mechanisms to maintain the relationships and consistencies of varying artifact 

granularity to model requirement change through class and state diagrams of the software 

design. ReChap is developed on two foundations, the product metamodel or theoretical 

specification and the process model or implementation specification as shown in Figure 12. 

Requirement change propagations occur in the product model when changes are made to 

specific requirements and subsequently, when change propagations occur, requirements 

experience a propagation in process flow. The model is produced based on designers’ 

knowledge of the system design and is developed for software systems. Although it makes 

use of requirements, it does not predict requirement change, rather simply attempts to 

manage requirement change [8]. This approach uses requirement domain. It is dependent on 

subjective expert dependency creation. It focuses on software systems. 

 

Figure 12: ReChap Framework [102] 
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2.3.1.5. Requirement Relationship Model 

The requirement relationship model developed by Chen [103] makes use of 

dependencies or relationships of software requirements [103,104]. It uses trustworthy 

requirements which are overall quality checks of a software system and use cases which 

describe functional requirements of the system. A requirement dependency DSM represents 

the relationships between trustworthy requirements. A requirement versus use case DSM 

illustrates how trustworthy requirements are related to functional requirements. The matrices 

are matrix multiplied along with change records vector to finally build a reachability matrix 

to account for all possibilities how each trustworthy requirement change may propagate to 

another trustworthy requirement as shown in Figure 13 [103]. This approach utilizes 

requirements. It is dependent on subjective expert dependency creation. It focuses on 

software systems. Not all requirements can be used. 

 

Figure 13: Relation Matrices and Resultant Reachability Matrix [103] 
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2.3.1.6. Impact Propagation Structure 

The impact propagation structure by Lock and Kotonya shown in Figure 14 assists 

to determine the cost of change, to product representation, propagation, and impact of 

change, and to guide the implementation of change [8,105] by making use of subjective 

relationships between design components through Moreton’s impact analysis generalized for 

most software systems [106]. Traceability, relationships between system artifacts, are 

generated using any information which may be related to them to identify impact of change 

propagation. Impact determination process consists of traceability extraction and traceability 

analysis. Traceability of system artifacts is extracted from three models, the Schema Model 

for performing prerecorded analysis, the Interaction Model for performing dependency 

analysis, and the Knowledge Base Model for developing traces from the past experience. 

The traces are then analyzed through three stages, lateral composition, vertical composition, 

and duplication resolution, to produce impact propagation structure. The vertical 

composition considers the cycle of each propagation impact from one entity to adjacent 

another up to the depth of three cycle [105]. The lateral composition sums three types of 

traceability extractions detected by the Schema Model, the Interaction Model, and the 

Knowledge Base Model. The duplication resolution stage removes all duplicate traces so 

that the summation of traceability paths is not distorted. Finally, the impact propagation 

structure is obtained. This approach uses a designer’s subjectively developed traceability 

relationships and is only suitable for software systems [8]. This approach utilizes software 

design entities. It is dependent on subjective expert dependency creation. It focuses on 

software systems. 
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Figure 14: Example Impact Propagation Structure [105] 

2.3.1.7. Other Approaches and Software Tools 

Masmoudi et. al proposed engineering change management approach using 

computer aided design (CAD) packages for dependency identification among product 

components or parameters quantitatively, qualitatively, or as a polynomial function by 

applying to a geometric 2D model of a bicycle [107]. Siddiqi et. al statistically analyzed past 

engineering changes attributes, time, space, and cost, to gain insights regarding the change 

behavior of developed system and to improve designs and planning decisions of similar 

systems [108]. Sharafi analyzed historical engineering changes data of an automotive 

manufacturer in form of patterns using data mining methods to improve engineering change 

management and product development [109]. Mehta developed a method to identify impact 
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of proposed changes by analyzing past engineering change data using product entities, 

relations and attributes of Standard for the Exchange of Product model data (STEP) [110]. 

Kocar proposed an approach utilizing data mining techniques to extract frequent and 

sequential patterns from past engineering changes data containing product model, 

components, and change attributes for prioritizing and predicting changes [111]. Wickel et 

al. presented an approach to provide change coordinator recommendations to identify 

relevant stakeholders and affected parts by the proposed EC by applying association rule 

data mining technique on past EC data [112]. These approaches also require information 

about developed product physical architectures. These approaches utilize system/component 

information. They are unsuitable for early design use before the system architecture or 

component information is available. They are applicable only to similar systems. 

Tools such as Systems Modelling Language (SysML), Unified Modeling Language 

(UML), and IBM Doors were also investigated for their ability in managing requirement in 

[33] and found to be not supportive of change propagation reasoning and management of 

change. Unified Modeling Language (UML) is a graphical and standard language for 

visualizing, specifying, constructing, and documenting requirements and design artifacts of 

a software system [113–117]. Using entities and relationships as building blocks of a model 

[113], UML builds tools such as use case diagrams (for simulating interaction between the 

system and environment under different scenarios [118,119]) and statechart diagrams 

(graphical part for describing sequence of events and textual part for describing conditions 

causing state change [120]). System Modeling Language (SysML) is a version built up on 

UML to model a broad range of systems including and outside of software systems and 

developed as a standard modeling language for systems engineering for analysis of 
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requirements, design, and complex systems [121]. It can be used as requirement elicitation 

tool and requirement template [122] and allows modeling textual requirements graphically, 

tabular, or as a tree structure in relation to other elements such as components, problems, and 

validation tests [123]. IBM Doors allows users to input requirements in its database in forms 

of modules of different types of requirements in a hierarchical manner and serve as a 

requirement management tool [8]. The hierarchy and requirement relationships are 

subjectively defined by users and it is limited in requirement analysis capabilities [8]. 

Detailed investigations and usage of those tool are described in [8] and evaluations of similar 

tools can be found in [5]. None of the tools have been found to be supportive of reasoning 

and management of requirement change propagation.  

When the presented non-network approaches are evaluated based on the set of 

defined criteria as shown in Table 1, it is found out that every approach violates at least one 

criterion. The research in this dissertation will satisfy the described criteria by developing 

computational models to assess change propagation in terms of requirement change volatility 

using complex network metrics obtained from effective requirement network of the ARCPP 

tool that allows for finer change resolution within or across subsystems at early design stage 

while physical architecture is still undefined. 
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Table 1: Evaluation of Non-Network Approaches 

Criteria Description 

Criterion 1 
Suitability for easy design use before physical component/system 

architecture/information is available. 

Criterion 2 Ability to automatically generate dependency creation. 

Criterion 3 Applicability to heterogenous electromechanical systems. 

Criterion 4 
Utilization of requirements for finer change resolutions within/across 

subsystems. 

Criterion 5 Ability to analyse requirement change volatility. 

Evaluation 

Section Criterion 1 Criterion 2 Criterion 3 Criterion 4 Criterion 5 

2.3.1.1   ✓   

2.3.1.2   ✓   

2.3.1.3   ✓   

2.3.1.4 *   ✓  

2.3.1.5 *   ✓  

2.3.1.6 *     

Proposed 

Research 
✓ ✓ ✓ ✓ ✓ 

* software systems that do not have physical structure 

 

2.3.2. Network Approaches in Change Propagation 

This section details reviewed change propagation literature that utilize network 

model approaches directly or indirectly from section 2.3.2.1 through section 2.3.2.8. 
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2.3.2.1. Flexible Design and Change Propagation 

A study by Suh and deWeck [124] systematically pinpoints and evaluates flexible 

system elements and shows how flexibility suppresses change propagation and lowers costs 

by classifying system elements using the terms, multipliers, carriers, absorbers, and 

constants through an automotive platform case study. These terms were introduced by Eckert 

et al. [125] defining multipliers as system elements that “generate more changes than they 

absorb”, carriers as elements that “absorb a similar number of changes to those that they 

cause themselves”, absorbers as elements that “can absorb more change than they themselves 

cause”, and constants as elements that “are unaffected by change”. A network or binary DSM 

representation of product system elements is generated using physical connections or 

information flow or energy flow or material flow. Then the degree of change propagation of 

a system element is measured through the change propagation index (CPI). CPI is the number 

of incoming connections into the system element subtracted from the number of outgoing 

connections from that element, which classifies system elements into classes, multipliers, 

carriers, absorbers, and constants through their definitions. The CPI is incorporated with the 

change related investment cost to lower the change propagation magnitude using flexible 

component design and economic impact of future changes. A generic change propagation 

CPI matrix and change propagation network of automotive platform of this study is shown 

in Figure 15. 
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Figure 15: A Generic CPI Matrix and Change Propagation Network [124] 

2.3.2.2. Change Propagation Analysis in Complex Systems 

A study done by Giffin et al. uses network based approach to analyse change 

propagation in complex technical systems using 41,500 change request data recorded over 8 

years span of 46 subsystems of a project for future applications of similar scale [28]. It 

employs a Change DSM which is generated by overlaying Component DSM and Change 

Propagation Frequency (CPF) matrix. Component DSM is the matrix or network 
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representation of structural connections of the system. Change Propagation Frequency (CPF) 

matrix is generated from change occurring frequency data between and within subsystems. 

The Change DSM consists of three types of relationships as shown in Figure 16, “P” 

relationships along which physical connections present (change propagation is predicted) 

and change propagation actually occurs, “S” relationships along which physical connections 

present (change propagation is predicted) and change propagation does not occur, and “C” 

relationships along which physical connections do not present (change propagation is not 

predicted) and change propagation occurs. This Change DSM or network is utilized for 

change motif (1-, 2-, and 3- motifs) analysis through parent, child, and sibling relationships 

of change requests. It is also used for characterization of subsystems in terms of change 

acceptance and reflection through three indices, Change Acceptance Index (CAI=ratio of 

number of implemented changes to number of proposed changes to a subsystem), Change 

Reflection Index (CRI=ratio of number of rejected changes to proposed changes to a 

subsystem), and CPI introduced by Suh and deWeck in [124]. 
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Figure 16: Change DSM [28] 

2.3.2.3. Multilayer Network Model for Change Propagation 

In addition to product and change layer network in [28], Pasqual and deWeck 

performed an extended study on a multilayer network model consisting of the product layer, 

change layer, and social layer using a case study of a large technical project with over 41,000 

change requests in eight years [126]. The authors introduced Engineer Propagation DSM 

(Engineer-PDSM) and two metrics, Engineer Change Propagation Index (Engineer-CPI) and 

Propagation Directness (PD). Engineer-PDSM contains columns representing change 

instigating engineer, rows representing change affected engineer, and each matrix entry 

representing number of times a change implemented by instigating engineer cause a change 
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implemented by affected engineer. Engineer PDSM is used to calculate Engineer-CPI which 

is the normalized difference between the outgoing degree and ingoing degree of each 

engineer. Engineer-CPI is analogous to component CPI in such a way as to classify engineers 

into multipliers, absorbers, carriers, and constants of change. PD is the geodesic shortest path 

from a component to another reflecting direct or indirect propagation relationships. In this 

study, the authors discovered that propagation effects of an engineer depend on the 

organizational role and responsibilities and assignment context. The study also indicates the 

possibility of indirect change propagation between components or subsystems by confirming 

that most changes in the studied case study did not propagate and those that propagated 

stopped after five PDs. An example network analysed is shown below in Figure 17. 

 

Figure 17: Multilayer Network Model [126] 
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2.3.2.4. Network Based Analysis of Software Change Propagation 

Wang et al. utilized a network based approach to investigate change distributions 

and the correlation between network centrality metrics and change propagation scope in 

software systems [127]. Classes that are not involved in any changes are excluded first, then 

the authors constructed a network at class level using classes as nodes and class dependencies 

as weighted directed edges. Change distributions are characterized by calculating the 

cumulative times of changes of each class in all version releases. Finally, all classes are 

ranked in descending order based on the change propagation scope. Five centrality metrics, 

degree centrality, closeness centrality, betweenness centrality, PageRank, and Change Impact 

Rank (CIRank) – a derivation from PageRank algorithm, are calculated and classes are 

ranked in descending order of their centrality metrics. The authors finally employ Spearman 

rank correlation analysis to study correlation coefficients between proposed centrality 

metrics and the scope of change propagation to observe which metrics are related to change 

propagation scope. Figure 18 shows the software dependency network with yellow nodes 

representing changed classes, black nodes representing unchanged classes, red edges 

representing propagating dependencies. 

 

Figure 18: Software Class Dependency Network [127] 
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2.3.2.5. Impact of Architecture Types on Change Propagation 

Colombo et al. investigated the effect of product architectural types on the change 

propagation behavior of complex technical systems [128]. 13,824 DSMs are generated with 

Monte-Carlo methods and four clusters types (Integral, Modular, Star, and Modular-Star) are 

categorized based on the composition of network features such as number of components, 

density of interfaces, number of modules, number of components in modules, number of bus 

elements, and number of components in busses. Three change propagation indices proposed 

by Koh et al. in [129], Incoming Change Likelihood (ICL): “the likelihood that a change 

somewhere else in the system leads to a change in the evaluated component of subsystem”, 

Incoming Change Impact (ICI): “the extent of resources involved in changing the evaluated 

component or subsystem”, Outgoing Change Risk (OCR): “the resultant effect of a change 

in the evaluated component on the remainder of the system”, are calculated and probability 

density functions of each index are compared in different clusters types. Statistical analyses 

showed that the presence of modules in the system architecture decreases the change 

propagation risk. 

2.3.2.6. Component Modularity and Change Propagation 

Sosa et al. utilized complex network approach to investigate the impact of 

component modularity on component redesign effort due to design change propagation 

[130]. A large commercial aircraft engine is used as a case study. The product is broken into 

components and design dependencies between components are defined to form a weighted 

directed network to analyze as shown in Figure 19. Five types of direct and indirect design 
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dependencies namely, spatial, structural, material, energy, information, are defined between 

components based on experts’ knowledge. Component modularity is defined based on the 

lack of connectivity between them and three component modularity metrics are defined 

based on centrality notion derived from social network analysis and complex network 

literature, Degree Modularity: a negative proportionality to the number and strength of 

design dependencies with adjacent components, Distance Modularity: a proportionality to 

the mean distance with all other components, Bridge Modularity: a negative proportionality 

to the number of bridging positions that a component occupies in the network. Component 

redesign effort is defined as the percentage of novel design content to the previous version’s 

design content. Correlation analysis is performed to investigate which modularity metrics 

differ from one another within each design dependency type. All component modularity 

metrics are found to have significantly positive correlations for spatial, structural, and 

information dependencies and less significant correlations for material and energy 

dependencies. For each of the five mentioned dependencies, each modularity metric is 

statistically analyzed for their effects on component redesign. The results show that the 

relationships between modularity and component redesign depend on the type of 

dependencies. Overall, the authors found that modular components are favored for design 

changes that can disrupt other components’ design and integrated components are favored 

for design changes that are associated with satisfying key functions. 
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Figure 19: Hypothetical Network of Product Components [130] 

2.3.2.7. Component Changeability and Change Propagation 

Cheng and Chu also utilized complex network approach to investigate the 

changeability of components due to design change propagation [131]. A Roots Blower is 

used as a case study. The product is broken into components and design dependencies 

between components are defined to form a weighted directed network to analyze as shown 

in Figure 20. Two main dependency relationship types based on experts’ knowledge are 

defined: (1) specification flows dependency: design information flow between designers and 

(2) physical dependency: relationships based on spatial, energy, material, and information 

dependencies. Similar to [130], complex network centrality notion is also employed to 

measure Degree Changeability to assess direct change propagation, Reach Changeability to 

assess indirect change propagation, and Between Changeability to assess parts that will 

change and be changed. The authors concluded that Changeability metrics are proven to be 
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effective for the change propagation impact assessment to allocate resources more 

efficiently. 

 

Figure 20: Roots Blower Network Model [131] 

2.3.2.8. Complex Network Metrics in Change Propagation 

Although there are several studies addressing the change propagation problem using 

complex network approaches presented up to this point, none of them explored or utilized 

comprehensive list of metrics. However, it is identified that the work by Menon explored 
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relevant complex network metrics in the existing literature for use in predicting change 

propagation. Menon taxonomized network metrics and explained physical definitions and 

mathematical equations in detail in [15]. For brevity, detailed descriptions of all the metrics 

are not discussed here. There are two main categories, namely, global descriptive metrics 

and pairwise descriptive metrics. Global descriptive metrics describe network topology 

considering contributions from all nodes in the network. In global descriptive metrics, there 

are three sub categories called distance and clustering metrics, centrality metrics, and 

subgraph and community detection metrics. Pairwise descriptive metrics only quantify 

interactions between change initiated and change propagated node pairs. The taxonomy of 

complex network metrics shown in Figure 21 along with network directionality (directed 

(DIR) and both directed and undirected (BOTH)) is employed using regression analysis to 

statistically determine the change state (changed or not changed) of requirements due to 

change propagation [15]. To summarize, this work showed that there are complex network 

metrics existing in the literature that are relevant to be taxonomized for requirement change 

propagation study. It proved that some complex network metrics, based on studied data, can 

be utilized to determine whether a requirement change propagation would occur or not. 

However, this work did not analyze change to the resolutions of requirement change 

volatility in terms of multiplicity, absorbance, transmittance, and robustness for the 

propagation potential of requirements which is deemed to be very important capability to 

predict and manage change propagation. 



 

43 

 

Figure 21: Taxonomy of Complex Network Metrics [15] 

2.3.2.9. Design Related Applications of Complex Networks 

It is Network approaches are also used in other design related areas. Kusiak and 

Wang proposed a methodology to assist engineers in negotiation of constraints using a 
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dependency network model using design variables, constraints, goals of the system as 

vertices, their relationships as edges, and their qualitative and quantitative values as edge 

weights [132]. Sosa et al. utilized the degree distribution of component network of the system 

to identify the presence of hubs which are small subsets of component nodes exhibiting a 

disproportional number of edges and to examine if such presence and the fraction of hubs 

are associated with system quality [133]. Network based metrics such as the total number of 

nodes, the total number of edges, the average node degree, the clustering coefficient, etc. 

were also evaluated as complexity metrics in complex system design [134]. Cadini et al. 

introduced the concept of using centrality metrics to rank the importance of components in 

infrastructure network design [135]. Reliability centrality metrics were calculated by 

infusing reliability between nodes using the probability of existence of reliable paths as edge 

weights and compared with traditional topological centrality metrics to highlight safety 

strengths and weaknesses of an example network with nodes that constitute the transmission 

network system of the IEEE (Institute of Electrical and Electronic Engineers) 14 BUS (a 

portion of the American Electric Power System) [135]. 

When the presented non-network approaches are evaluated based on the set of 

defined criteria as shown in Table 2, it is found out that every approach violates at least one 

criterion. The research in this dissertation will satisfy the described criteria by developing 

computational models to assess change propagation in terms of requirement change volatility 

using complex network metrics obtained from effective requirement network of the ARCPP 

tool that allows for finer change resolution within or across subsystems at early design stage 

while physical architecture is still undefined. 
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Table 2: Evaluation of Network Approaches 

Criteria Description 

Criterion 1 
Suitability for easy design use before physical component/system 

architecture/information is available. 

Criterion 2 Ability to automatically generate dependency creation. 

Criterion 3 Applicability to heterogenous electromechanical systems. 

Criterion 4 
Utilization of requirements for finer change resolutions within/across 

subsystems. 

Criterion 5 Ability to analyse requirement change volatility. 

Criterion 6 Utilization of comprehensive list of complex network metrics. 

Evaluation 

Section 
Criterion 

1 

Criterion 

2 

Criterion 

3 

Criterion 

4 

Criterion 

5 

Criterion 

6 

2.3.2.1   ✓    

2.3.2.2   ✓    

2.3.2.3   ✓    

2.3.2.4 *      

2.3.2.5   ✓    

2.3.2.6   ✓    

2.3.2.7   ✓    

2.3.2.8 ✓ ✓ ✓ ✓  ✓ 

Proposed 

Research 
✓ ✓ ✓ ✓ ✓ ✓ 

* software systems that do not have physical structure. 
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Chapter 3. 

Motivating Research and Proposed Research 

 This chapter first introduces the previous researches that lead to the research 

proposed in this dissertation. These motivating research studies are presented in section 3.1 

under section 3.1.1 and section 3.1.2 respectively. The proposed research along with the 

research plan, research questions, and research tasks to be performed is described in section 

3.2. 

3.1. Motivating Research 

This section entails two previously completed researches that motivated the author 

to pursue the proposed research and serve as the major foundation for this dissertation. 

Section 3.1.1 describes the Automated Requirement Change Propagation Prediction 

(ARCPP) tool. Morkos’s ARCPP tool proved that change propagation, using a requirement 

network built from relationships created by POS elements of requirement statements, can be 

predicted at early stage of design before physical architecture of a product is defined. Section 

3.1.2 describes the work by Hein which further refined the ARCPP tool by proving that 

physical domain information of requirements is more conducive to requirement change 

propagation. This resulted in the refined ARCPP tool capable of producing more effective 

requirement network. The successes of these studies serve as the foundation to further pursue 

the research presented in this dissertation which attempts to develop computational models 
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to determine requirement change volatility using complex network metrics calculated from 

resulting effective requirement network. 

3.1.1. Automated Requirement Change Propagation Prediction 

(ARCPP) Tool 

The ARCPP tool was performed on the design projects of a manufacturing firm to 

predict propagated changes due to requirement changes [8]. It is important to note that 

requirement changes and corresponding engineering changes are known through 

communication and documentations from the firm. Only those changes that are, in fact, 

propagated are analyzed in the ARCPP tool, in a posteriori approach, to gauge the 

performance of the tool. Figure 22 illustrates the process used to retrospectively predict 

change propagation using engineering change notification (ECNs). A change initiates after a 

manager or a customer recognizes a change need. Both parties summarize and complete a 

formal ECN form which documents information such as initiating date, the customer, the 

project, the delays and expenses due to the engineering change and later approved by the 

firm and the customer [8]. 

ECN forms are studied to map to the requirements affected by the engineering 

change. These requirements are processed in a relationship path length Design Structure 

Matrix to obtain related requirements that may be affected. This type of DSM is the most 

consistent type of DSM in explaining requirement relationships in prior research [8]. The 

consequent ECN is then checked for its correspondence with the affected requirements. A 

relationship path length DSM identifies the shortest path length by which requirements are 



 

48 

related to each other. For example, in Figure 23, when Requirement E is changed, 

Requirement C (colored in red) which is at path length one from Requirement E is potentially 

propagated. Requirement C then continues the potential propagation to Requirement D 

(colored in yellow) which is at path length two from Requirement E. 

 

Figure 22: ECN Prediction Method [8] 

 

Figure 23: Example Zero (Baseline), One , and Two Path Length DSMs [8] 
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The ARCCP tool implemented method shown in Figure 24 which operates by: (1) 

parsing a requirement document to extract POS relators, (2) identifying possible syntactical 

requirement relationships based on selected relators, (3) selecting relationships by optimal 

combinations of relators, and (4) performing post propagation analysis to determine ranking 

of potentially propagated requirements. Using the Stanford Part of Speech Tagger, each 

requirement sentence is POS tagged with physical domain relators (nouns) and functional 

domain relators (verbs). Stanford POS tagger is a software tool that reads text written in 

natural language and assigns parts of speech to each word, such as noun, verbs, adjectives, 

etc., using a tagging algorithm based on the Penn Treebank tag set which is claimed to 

possess tagging accuracy up to 97.86% [136]. The available parts of speech tags by POS 

tagger can be found in [137]. 

 

Figure 24: Requirement Change Propagation Method [8] 
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After POS tagging, to identify syntactical relationships between requirements, each 

requirement is arbitrarily tagged with first 5 nouns and first 5 verbs representing physical 

and functional relators in order of appearance in the sentence. An example of a result of 

tagging a requirement with relators is shown in Table 3. It is important to note that the 

requirement relationships, the edges between any two requirements in the requirement 

network, do not necessarily need to be bidirectional. For example, requirement A can have a 

tagged relator that is also a POS word in the statement of requirement B, but a tagged relator 

of requirement B does not have to be a POS word in the statement of requirement A. For 

example, in Table 3, the noun “yarn” in the tagged set of requirement A is a POS word in the 

statement of requirement B, and therefore there is a relationship from requirement A to 

requirement B. However, none of the tagged nouns of requirement B is a POS word in 

requirement A, and therefore there is no relationship from requirement B to requirement A. 

Table 3: Example Tagged Requirement with Nouns and Verbs [8] 

Requirement Statements 

Physical Domain 

Relators (Nouns POS 

elements) 

Functions Domain 

Relators (Verbs POS 

elements) 

Req A: The yarn comb shall have 

polished stainless-steel round pins 

mounted on zinc plated steel bar. 

[yarn, comb, steel, 

pins, zinc, bar] 

[have, polished, 

mounted, plated] 

Req B: The supplier shall furnish all 

equipment, controls, data, drawings, 

etc. defined in the purchaser’s 

documents and data to the following 

major components: yarn combs. 

[supplier, equipment, 

controls, data, 

drawings] 

[furnish, defined, 

following] 

There are multiple possible combinations of relators totaling 2𝑛 combinations from 

which the requirement relationships can be created (n =total number of nouns and verbs). An 



 

51 

example excerpt of possible combinations resulting from total 10 relators is shown in Table 

4 below. The DSMs formed by each combination are filtered using a path length of three, 

after which the relationships become superfluous, and true positive relationship filters as 

described in [8]: A subset of effective DSMs remains after this filtering or relationship 

selection process. The propagation analysis involves scoring the requirement DSMs based 

on the path length distance between requirements and applying a Root Mean squared (RMS) 

scoring system on them. Each requirement relationship within each DSM is given scores 

negatively proportional to their path length distance using linear scoring system, meaning 

that closer relationships are given higher scores [8]. These path length DSMs are summed to 

form a single overlaid DSM as shown in Figure 25 on which a Root Mean Squared (RMS) 

scoring system is applied to determine the review depth, a metric that indicates the amount 

of the requirements needed to be reviewed to identify the requirement which is propagated. 

Table 4: Excerpt of Relators Combination [8] 
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1 0 0 0 0 0 0 0 0 0 0 

- - - - - - - - - - - 

557 1 0 0 0 1 0 1 1 0 0 

- - - - - - - - - - - 

720 1 0 1 1 0 0 1 1 1 1 

- - - - - - - - - - - 

915 1 1 1 0 0 1 0 0 1 0 

- - - - - - - - - - - 

1024 1 1 1 1 1 1 1 1 1 1 
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Figure 25: Example Overlay DSM [138] 

RMS scoring is used to maximize the significance of cumulative propagation by 

taking the weighted requirement relationships of previously changed requirements into 

account [8]. As the results of the analysis yields a rank order of the requirements most likely 

to change, a review depth is the term to indicate the number of requirements in the 

requirement document that need to be reviewed in order to identify the requirement which 

is propagated [8]. In Table 5, if the change in requirement B propagates to the change in 

requirement Z (score 3), the designer has to review only requirement X (score 9) or only 

16.6% (review depth) of six total requirements. If the changes in requirements A, B, and C 

cumulatively propagate to requirement Z, based on RMS scores, both requirement X (RMS 

score 10.1) and Y (RMS score 27) need to be reviewed before reaching requirement Z (RMS 

score 8.9). The review depth is then 33.33% of six total requirements. Therefore, the lower 
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review depth is, the better the performance of the ARCPP tool. For more complete detailed 

explanation of the previous analysis performed, please refer to [8]. 

Table 5: Example Root Mean Squared (RMS) Scores 

 Req. X Req. Y Req. Z 

Req. A 9 0 12 

Req. B 9 0 3 

Req. C 12 27 9 

Sum 30 27 24 

RMS 10.1 27 8.9 

Rank 2 1 3 

 To summarize, this work 

• developed the automated requirement change propagation prediction tool that uses 

POS elements of requirement statements as relators to form requirement relationship 

network to predict change propagation in terms of its performance metric, review 

depth, which indicates the number of requirements to review before implementing 

the change. 

• needed further research to fundamentally understand why requirements can be used 

to predict change propagation. 

3.1.2. Requirement Change Propagation in Physical and Functional 

Domains 

Although the ARCPP tool proved that change propagation can be predicted in the 

requirement domain and its effectiveness is evidenced in multiple heterogeneous industrial 

case studies, the mechanisms within requirements that are conducive to predicting change 
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propagation were not fully understood. The work by Hein served as an extension to the 

ARCPP tool to further understand the usage of requirements in predicting change 

propagation [138]. While ARCPP tool utilized arbitrarily selected POS requirement relators 

from requirement statements, this extended research identified the effect of requirement 

relators in predicting change and which POS element relators, physical (nouns) or functional 

(verbs), of a requirement statement serve as a medium for change propagation prediction. 

Specifically, it raised three research questions as follows: 

RQ (1): Is the requirement review depth affected by the number of relators selected to relate 

requirements? 

RQ (2): Is the requirement review depth affected by the frequency of relators selected to 

relate requirements? 

RQ (3): What elements of a requirement is responsible for instigating change propagation, 

physical or functional domain? 

RQ (1) and RQ (2) were answered by experimenting with varying number of relators and 

varying frequencies of relators to determine the effect of number and frequency of relators 

on the requirement review depth. RQ (3) was answered by comparing the review depths 

obtained by using physical relators (nouns) and functional relators (verbs) from the results 

of RQ (1) and RQ (2). This study utilized heterogeneous industrial case studies which were 

also employed in [8] in the development of the ARCPP tool to validate against real world 

data. 

The first research question is addressed by experimenting with different numbers of 

physical and functional relators for their effect on the review depth metric. The measured 

data of the number of relators are evaluated to obtain the empirical discrete cumulative 
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distribution function (CDF). The number of relators in a requirement statement that covers 

certain percentage of the total requirement statements is obtained from CDFs. For example, 

if the cumulative probability that a requirement has ≤ 6 relator is 0.1, it means that 10% of 

the requirement statements have ≤ 6 relators. As seen in Figure 26 which shows the CDF of 

an example case study, it can be observed that 10% of the requirement statements have ≤ 3 

physical relators and ≤ 1 functional relator, 20% of the requirement statements have ≤ 5 

physical relators and ≤ 2 functional relators, 30% of the requirement statements have ≤ 6 

physical relators and 3 functional relators, and so on. The number of relators is increased in 

this fashion. Results identified that the review depth does not improve with increasing or 

decreasing number of relators regardless of their type (physical or functional), but with the 

ability of selected relators in capturing the propagation relationships. As seen in Figure 27 

which shows the results of an example case study, the addition of the second physical relators 

improves the review depth from 7.5% to 2.5% and the addition of more physical relators 

does not help in lowering the review depth further. 

The second research question is addressed by experimenting with different 

frequencies of physical and functional relators for their effect on the review depth metric. 

All of the physical relators and functional relators are extracted from each requirement 

statements. They are then categorized according to their respective frequency or appearance 

in all requirement statements. As seen in Figure 28, the frequency distribution in an example 

case study shows that the frequencies of physical relators range from 1-58. Relators of 

frequency 1 are not utilized since they only occur once in the whole requirement document 

and form no relations with no other requirement statement. Relators are then tested in 

ARCPP tool from the step of (≥ maximum frequency) to the step of (≥ frequency 2) to 
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observe if the frequency of relators used affects the review depth. Results identified that the 

review depth does not improve with increasing or decreasing frequency of relators regardless 

of their type (physical or functional), but with the ability of selected relators in capturing the 

propagation relationships. As seen in Figure 29 which shows the results of an example case 

study, the addition of the frequency 2 physical relators improves the review depth from 7.5% 

to 2.5% and the addition of higher frequency physical relators does not help in lowering the 

review depth further. 

 

Figure 26: Cumulative Probability of Number of Relators [138] 
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Figure 27: Effect of Number of Relators on Review Depth [138] 

 

Figure 28: Excerpt of Frequency Distribution of Relators [138] 
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Figure 29: Effect of Frequency of Relators on Review Depth [138] 

 To address the third research question, the resulting review depths by physical 

relators and functional relators obtained by using varying numbers and frequencies of 

relators are compared to observe which one gives the lowest review depth. Results identified 

that the review depths obtained by using physical relators are lower than those obtained by 

using functional relators. As seen in Figure 30, using different number of relators in an 

example case study, the physical relators give the lowest review depth of 2.5% and the 

functional relators on the other hand result in the lowest review depth of 30.1%. As seen in 

Figure 31, using different frequency of relators in an example case study, the physical relators 

give the lowest review depth of 2.5% and the functional relators on the other hand result in 

the lowest review depth of 65.4%. The similar results are obtained across all case studies. 
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Figure 30: Comparison of Review Depth by Relator Type using Different Number of Relators 

[138] 

 

Figure 31: Comparison of Review Depth by Relator Type using Different Frequency of 

Relators [138] 
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 The results indicate that the review depth values obtained by using physical domain 

relators are lower than those obtained by using functional domain relators. However, no 

conclusion can be drawn regarding the effect of the number of relators and the effect of the 

frequency of relators on the review depth since the review depth decreases only when a 

particular relator that builds a correct propagation path is added. No recommendation can be 

made on how many relators to extract from requirement statements and which frequencies 

of relators should be used in the ARCPP tool. This research explored the possibility of 

developing a recommendation using number of physical relators extracted in order of 

appearance from requirement statements. It is known that if the number of relators added in 

the order of appearance are increased, the review depth goes down eventually at a number 

of relators, but all these relators in a requirement sentence cannot be used due to limited 

computational capabilities. Therefore, a metric called uniqueness metric is measured after 

the addition of each relator. The uniqueness metric measures the uniqueness of the pool of 

relators extracted for the tool. If the uniqueness after the addition of a relator does not change 

anymore, it indicates that the relator pool has no new relators after the addition of that relator, 

meaning that no new relationships are formed in the requirement network. Any more relators 

added after this relator have no effect on the performance of the tool. As shown in Figure 32, 

the uniqueness change percentage becomes zero starting at the 20th physical relator in an 

example case study. Since the uniqueness metric can be calculated beforehand, the ARCPP 

tool can be set up to extract the number of relators only up to this point. The ARCPP tool is 

improved by incorporating these findings resulting in the refined ARCPP tool. Figure 33 

presents an example DSM of the refined ARCPP tool in MATLAB which shows path length 

based propagation scores in a colormap. 



 

61 

 

Figure 32: Number of Physical Relators Added Vs. Uniqueness Change [138] 

 To summarize, this work 

• identified that the review depth does not improve with increasing or decreasing 

number and frequency of relators, but with the effective relators that capture the 

correct propagation requirement relationships. 

• identified that the review depth values obtained by using physical relators are lower 

than the review depth values obtained by using functional relators indicating that the 

physical domain is more conducive for change propagation prediction. 

• recommended to extract the number of physical relators up to uniqueness metric 

saturation point. 
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Figure 33: Example DSM Representation Output of Refined ARCPP Tool [138] 

3.2. Proposed Research 

The effective requirement networks developed from the results of the two motivating 

research presented in the previous section serve as the foundation to further pursue the 

research proposed in this dissertation. The following section presents the research plan, 

research questions, and research tasks. Section 3.2.2 presents the research method explaining 

how each research tasks will be performed to answer the addressed research questions. 
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3.2.1. Research Plan 

The research plan for this dissertation is shown in Figure 34 as a flow chart. The 

main objective in this dissertation is to develop computational models satisfying the criteria 

described in section 2.3.1 and section 2.3.2 to assess change propagation in terms of 

requirement change volatility using complex network metrics obtained from effective 

requirement network of the ARCPP tool that allows for finer change resolution within or 

across subsystems at early design stage while physical architecture is still undefined. To this 

goal, requirement documents of multiple industrial case studies will be processed in the 

refined ARCPP tool to produce requirement networks from which complex network metrics 

of each requirement will be computed. It is important to note that the tool’s propagation 

analysis step explained in section 3.1.1 will not be executed and the tool will be only 

employed up to the point of producing effective requirement networks incorporating the 

findings from section 3.1.2. Requirement relationships will be extracted from the networks 

and analyzed against actual requirement change data to determine change volatility of each 

requirement. The requirement volatility classes introduced in section 1.2, multiplier, 

absorber, transmitter, and robust, will be determined in terms of their metrics, multiplicity, 

absorbance, transmittance, and robustness. After complex network metrics and requirement 

change volatility class metrics are prepared, explored computational methods will be applied 

on training requirement change data to generate computational models capable of 

determining requirement change volatility classes using complex network metrics. Resulting 

models will be validated against unseen requirement change data for testing. Finally, 

model(s) that gives the best performance will be selected as generalized candidate model(s) 



 

64 

for future applications. Table 6 describes the three research questions addressed in this 

dissertation with corresponding hypotheses and validation approaches describing how each 

question will be answered. Table 7 shows the detailed tasks for each research question. This 

dissertation will conclude with discussions on the results, limitations, and recommendations 

for future work. 
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Table 6: Research Questions 

I 

Question 

Can requirement change volatility be measured through four classes 

namely, (1) multiplier, (2) absorber, (3) transmitter, and (4) robust, 

during every instance of change? 

Hypothesis 

Requirement change volatility can be measured through four classes, 

(1) multiplier, (2) absorber, (3) transmitter, and (4) robust, in 

respective metric values during every instance of change. 

Validation 

Approach 

Requirement change volatility classes of each requirement will be 

determined using requirement network relationships obtained from 

the refined ARCPP tool and actual requirement change data of 

industrial case studies. 

 

II 

Question 
Can complex network metrics be explored and computed for each 

requirement? 

Hypothesis 
Complex network metrics can be explored and computed from 

requirement network obtained from the refined ARCPP tool. 

Validation 

Approach 

Literature review on complex network metrics will be performed to 

select complex network metrics which will be calculated through 

existing tools available within research community and novel tools. 

   

III 

Question 
Can complex network metrics be used to predict requirement change 

volatility? 

Hypothesis 
Complex network metrics can be used to predict requirement change 

volatility. 

Validation 

Approach 

Computational methods will be explored and applied on requirement 

change data to develop computational models that can use complex 

network metrics to predict requirement change volatility class 

metrics. 
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Table 7: Research Tasks 

Task Subtask ID Task Description 
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 I.a 

Define requirement change volatility classes (multiplier, 

absorber, transmitter, and robustness) for change 

propagation instances. 

I.b 

Determine volatility class metric values of each requirement 

by utilizing potential relationships from requirement 

networks of the refined ARCPP tool and actual requirement 

change data of industrial case studies. 
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II.a 
Research complex network metrics and select relevant 

metrics to be utilized. 

II.b 
Explore existing tools in the literature and develop novel 

tools to calculate selected complex network metrics. 
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s III.a 
Research relevant computational methods to develop 

computational models. 

III.b 

Apply explored computational methods on requirement 

volatility class metrics data obtained from Task I.b and 

complex network metrics data obtained from Task II.b to 

test for their ability in predicting requirement change 

volatility from complex network metrics. 
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3.2.2. Research Method 

Since the main goal is to develop computational models capable of determining 

requirement change volatility using complex network metrics, the research method 

performed is essentially the manner in which the three research tasks shown in Table 7 are 

carried out to answer the research questions: 

Generating requirement change volatility class metrics is the first task to be 

performed in this research. In Subtask I.a, four change volatility classes of a requirement, 

multiplier, absorber, transmitter, and robust, will be defined. In Subtask I.b, all potential 

requirement relationships will be acquired from requirement networks obtained from the 

refined ARCPP tool. These relationships will be analyzed against actual requirement change 

data of industrial case studies to generate change volatility class metrics of each requirement 

for each change instance. The volatility class metrics will serve as categorical dependent 

variables or outputs in computational methods explored to develop computational models. 

The details of this task are presented in Chapter 4 with the definitions of requirement 

volatility classes in the section 4.1 and the detailed generation of volatility class metrics in 

the section 4.2. 

Computing complex network metrics of requirements is the second task of this 

research. In Subtask II.a, complex network metrics in the literature will be explored and 

relevant metrics will be selected for analysis. In Subtask II.b, existing tools will be 

researched for their ability in calculating selected complex network metrics from 

requirement networks of ARCPP tool. Novel tools will be developed to calculate metrics that 

existing tools cannot compute. What this task will produce is the vector of complex network 
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metrics of requirement 𝑖 with 𝐷 complex network metrics. The computed complex network 

metrics will serve as continuous or discrete independent variables or inputs in computational 

methods explored to develop computational models. The details of this task are presented in 

Chapter 5 with the literature review and selection of complex network metrics in the section 

5.1 and the descriptions of the tools used to compute the metrics in the section 5.2. 

Development of computational models is the third and final task of this research. In 

Subtask III.a, different computational methods will be explored from the literature 

extensively. In Subtask III.b, relevant computational methods will be selected and deployed 

on training data set to determine requirement change volatility class metrics using complex 

network metrics. The resulting computational models will be then validated for their 

performance against testing data set of industrial applications. An example expected data is 

shown in Table 8 where 𝑣𝑖,𝑗⃗⃗ ⃗⃗  ⃗ = (𝑀𝑖, 𝐴𝑖, 𝑇𝑖 , 𝑅𝑖)𝑗  is the vector of volatility classes of 

requirement 𝑖  for change instance 𝑗  and 𝑥𝑖⃗⃗  ⃗ = (𝑥𝑖1, . . . , 𝑥𝑖𝐷)  is the vector of 𝐷  complex 

network metrics of requirement 𝑖 . The detailed exploration of computational methods is 

presented in Chapter 6. The implementations of selected computational methods and the 

details of the case studies are presented in Chapter 7. 

Table 8: Expected Data Table 

 Dependent Variables or Outputs Independent Variables or Inputs 

Req. 
Volatility 

𝒗𝒊,𝒋⃗⃗ ⃗⃗  ⃗ = (𝑴𝒊, 𝑨𝒊, 𝑻𝒊, 𝑹𝒊)𝒋 
Complex Network Metrics 

𝒙𝒊⃗⃗  ⃗ = (𝒙𝒊𝟏, . . . , 𝒙𝒊𝑫) 

1 𝑣1,𝑗⃗⃗ ⃗⃗ ⃗⃗  𝑥1⃗⃗  ⃗ 

2 𝑣2,𝑗⃗⃗ ⃗⃗ ⃗⃗   𝑥2⃗⃗⃗⃗  

3 𝑣3,𝑗⃗⃗ ⃗⃗ ⃗⃗   𝑥3⃗⃗⃗⃗  

… … … 

m 𝑣𝑚,𝑗⃗⃗ ⃗⃗ ⃗⃗  ⃗ 𝑥𝑚⃗⃗ ⃗⃗  ⃗ 
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Chapter 4. 

Requirement Change Volatility 

This chapter addresses the first research question presented in section 3.2. The first 

research question is to investigate if requirement change volatility be measured through four 

classes, (1) multiplier, (2) absorber, (3) transmitter, and (4) robust, during every instance of 

change. To answer this question, Task I: generation of requirement change volatility classes 

is carried out. Section 4.1 presents Subtask I.a: defining requirement change volatility classes 

for change propagation instances. Section 4.2 details Subtask I.b: determining requirement 

volatility class metrics by utilizing potential requirement relationships from requirement 

networks obtained from the refined ARCPP tool and actual requirement change data of 

industrial case studies. 

4.1. Definition of Volatility Classes 

Brief definitions of four requirement change volatility classes, multiplier, absorber, 

transmitter, and robust are presented in Section 1.2 and Figure 1. The definitions of 

requirement change volatility classes are textually shown in Table 9. Figure 35 is presented 

here for better visualization of requirement change volatility classes. A multiplier is a 

requirement that is changed by an initial change and propagates the change to other related 

requirements. In Figure 35 (a), Requirement B is the multiplier because it is changed by the 

initial change in Requirement A and propagates the change to Requirement C. Its multiplicity 

metric is defined as the ability to cause related requirements to change when affected or 
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changed by an initial change. An absorber is a requirement that is changed by an initial 

change but does not propagate the change to other related requirements. In Figure 35 (b), 

Requirement B is the absorber because it is changed by the initial change in Requirement A, 

but it does not propagate the change to Requirement C. Its absorbance metric is defined as 

the ability to not cause related requirements to change when affected or changed by an initial 

change. A transmitter is a requirement that is not changed by an initial change but propagates 

the change to other related requirements. Requirement B is the transmitter in Figure 35 (c) 

because it is not changed by the initial change in Requirement A, but propagates the change 

to Requirement C. Its transmittance metric is defined as the ability to cause related 

requirements to change even though it is not affected or changed by an initial change. Finally, 

a robust requirement is a requirement that is not changed by an initial change and does not 

propagate the change to other related requirements. Requirement B is the robust requirement 

in Figure 35 (d) because it is not changed by the initial change in Requirement A and it does 

not propagate the change to Requirement C. Its robustness metric is defined as the ability to 

remain unaffected by an initial change and does not transmit the change to related 

requirements. 



 

71 

Table 9: Definitions of Requirement Change Volatility Classes 

Volatility Classes Definitions 

Multiplier 
A multiplier is a requirement that is changed by an initial change 

and propagates the change to other related requirements. 

Absorber 
An absorber is a requirement that is changed by an initial change 

but does not propagate the change to other related requirements. 

Transmitter 
A transmitter is a requirement that is not changed by an initial 

change but propagates the change to other related requirements. 

Robust 

A robust requirement is a requirement that is not changed by an 

initial change and does not propagate the change to other related 

requirements. 

 

 

Figure 35: Visual Descriptions of Requirement Volatility Classes 
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4.2. Determination of Volatility Classes 

Based on the literature review, it is evident that [28,124] are the closest works to the 

nature of change volatility defined in this research. As presented in section 2.3.2.1 and 

section 2.3.2.2, the degree of change propagation of a system element is measured through 

the change propagation index (CPI) calculated based on its incoming and outgoing 

relationships to classify into multipliers, carriers, absorbers, and constants. However, in this 

research, it is argued that the system element’s change propagation propensity cannot be 

classified based on the net relationships alone because the change can propagate from that 

system element throughout the network along all potential relationships to all other elements 

it is connected to, directly or indirectly, regardless of the number of its individual net 

relationships. In addition, the change volatility definitions in the requirement domain 

described above are based on the nature of requirements along change propagation 

relationships, that is, their ability to multiply, absorb, transmit the change or be robust to it. 

Therefore, all potential requirement relationships are considered in this research. More 

accurate requirement change volatility classes can be obtained only by extracting all 

potential relationships stemming from a change initiated requirement throughout the entire 

requirement network and checking them against the actual requirement change propagation 

data of industrial case studies. 

4.2.1. Extraction of Requirement Relationships 

The first step to determine the volatility class of requirements is to acquire all 

potential requirement relationships that are modeled in requirement networks obtained from 



 

73 

the refined ARCPP tool. The refined ARCPP tool produces requirement networks with more 

accurate relationships along which the change may propagate by incorporating the findings 

from the motivating research presented in section 3.1.2. As mentioned in section 3.1.2, only 

nouns POS elements containing physical information of requirements are used to relate 

requirements to form a requirement network. The number of nouns extracted which varies 

based on different case studies is up to the uniqueness metric saturation point after which no 

new relators are added to the tool resulting in no new relationships. An example requirement 

network of a case study is shown in Figure 36. The maximum shortest path length between 

any two requirement nodes is found to be four across all case studies. It is also assumed that 

no change is repeated, meaning that cycling paths on the relationship are not considered. All 

the potential relationships up to path length four with no cycling paths stemming from the 

initial changed requirement (source node) are extracted. 

 

Figure 36: Example Requirement Network 



 

74 

4.2.2. Identification of Change Instances 

The second step is to identify actual change instances from actual change 

propagation relationships of change data of industrial case studies. This requires a complete 

analysis of an engineering change notification (ECN) form. An example ECN form is shown 

in Figure 37. A change starts through the identification of a change in the system by the 

manager of the corporation or the client and exchange of conversation between them. The 

ECN form contains basic pertinent information such as ECN initiation date, the client, and 

the project. It also has ECN number for easy tracking. It also has an indication of approval 

or rejection which documents the personnel involved. A description of the change is also 

written to explain the details of the change for engineers to implement. Impact on 

engineering describes the delay time and expenses such as additional manufacturing, 

assembling, and programming that may result from this change. Equipment and installation 

expenses details additional expenses such as material or fabrication. Finally, the total cost 

for the change is indicated. The ECN form is authored and negotiated by the project manager, 

and the client and upon completion, approved before implementing the change. If the 

engineering change in fact results in a change in requirements, the requirements affected by 

that change are identified. The subsequent ECNs are analyzed to check if they have affected 

requirements that are propagated by the requirements affected by the initial ECN. In this 

manner, an initial requirement changes and all the subsequent requirement changes due to 

the initial requirement change are identified. 

The actual change propagation relationship is therefore defined in this dissertation 

as a requirement relationship along which the initial requirement change travels or 
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propagates changing all the requirements that lie on it. It is obtained from the analysis of the 

change data of industrial case studies as mentioned above. It may contain up to (𝑛) number 

of requirement nodes with (𝑛 − 1) edges connecting them. The only assumption made is 

that it does not contain repeated changes or cycling paths. It is important to note that the 

actual propagation relationships may be standalone or overlapped. In the first column of 

Table 10, examples of identified actual change propagation relationships are shown with 

initial changed requirement (source node) colored in green, changed requirements 

(immediate nodes) colored in grey, and final changed requirement (sink node) in red. 

Relationship 1 is an example of standalone change propagation relationship starting with the 

change in the source Requirement 1 which propagates to the immediate Requirement 2 and 

finally ends with the change in the sink Requirement 3. It is considered as the change 

propagation relationship of a single change instance, change instance 1, as shown in the 

second column of Table 10. Relationship 2 is an example of overlapped change propagation 

relationships. The first of the overlapped relationships starts with the change in the source 

Requirement 4 which propagates to the immediate Requirement 5 and finally ends with the 

change in the sink Requirement 7. The second starts with the change in the source 

Requirement 4 which propagates to the immediate Requirement 5 and Requirement 6 and 

finally ends with the change in the sink Requirement 8. Therefore, Relationship 2 is 

separated into two individual propagation change instances, change instance 2 and change 

instance 3, as shown in the second column of Table 10. 
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Figure 37: Engineering Change Notification (ECN) Form [138] 
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Table 10: Identification of Change Propagation Instances 

Change Propagation Relationships Change Propagation Instances 

Relationship 1: 

 

Change Instance 1: 

 

Relationship 2: 

 

Change Instance 2: 

 

Change Instance 3: 

 

 

4.2.3. Volatility Class Metric Scoring 

After all the potential requirement relationships are extracted and the actual change 

instances are identified, the last step is checking them against each other to give each 

requirement their scores for volatility classes. The change volatility class metric scores of 

individual requirements are therefore dependent on  

• the actual change propagation instance and  

• the extracted potential relationships that are analyzed against the actual change 

propagation instance. 

The scoring schemes for four change volatility classes is shown in Table 11. The 

volatility scoring depends on the requirement node’s ability to multiply the change, transmit 

the change, absorb the change, and be robust to the change penalized by its path length 

distances to other nodes on the change propagation instance relationship. Multiplicity (M) is 

scored by summing multiplicative inverses of path lengths from it to nodes it multiplies the 
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change to. Transmittance (T) is scored by summing multiplicative inverses of path lengths 

from it to nodes it transmits the change to. Absorbance (A) is scored by summing 

multiplicative inverses of path lengths to it from changed nodes it absorbs the change from. 

Robustness (R) is scored by summing multiplicative inverses of path lengths to it from 

changed nodes it is not affected by. A scoring example is described below for a change 

instance using extracted path length four potential relationships. In Table 12, the actual 

change propagation instance is shown with initial changed requirement (source node) 

colored in green, changed requirements (immediate nodes) colored in grey, and final changed 

requirement (sink node) colored in red. It may contain up to (𝑛)  number of requirement 

nodes and (𝑛 − 2) immediate nodes with (𝑛 − 1) edges connecting them. Each extracted 

path length four relationship has (𝑛 = 5)  total requirement nodes, (𝑛 − 1 = 4)  edges or 

path lengths connecting them, and (𝑛 − 2 = 3) immediate nodes between the source and the 

sink nodes. These potential relationships can be divided into three groups: the first group 

containing the relationships stemming from the source node and ends at the sink node, the 

second group containing the relationships stemming from the source node and ends at a 

changed node which is not the sink, and the third containing the relationships stemming from 

the source node and ends at an unchanged node. Each group has 2𝑛−2 = 23 potential types 

of relationships based on the relative positions of changed and unchanged immediate nodes. 

These relationships are checked against the actual change propagation instance and given 

volatility class metric scores as described below. 
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Table 11: Volatility Class Scoring Scheme 

Volatility Scores of a 

Node on a Relationship 
Scoring Scheme 

Multiplicity (M) Sum of multiplicative inverses of path lengths from it to 

nodes it multiplies the change to. 

Absorbance (A) Sum of multiplicative inverses of path lengths to it from 

changed nodes it absorbs the change from. 

Transmittance (T) Sum of multiplicative inverses of path lengths from it to 

nodes it transmits the change to. 

Robustness (R) Sum of multiplicative inverses of path lengths to it from 

changed nodes it is not affected by. 

 

Table 12: Example Volatility Scoring of a Change Instance 
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Path 3D: 

 
Path 3E: 

 
Path 3F: 

 
Path 3G: 

 
Path 3H: 

  

The first group contains the relationships that stem from the source node and ends 

at the sink node. The sink node is evidently the change absorber. The immediate nodes may 

or may not be changed nodes, but they propagate the change to the sink node. Therefore, 

they are, by definition, either multipliers or transmitters of the change. The source node is 

not given any volatility score because the initial change can be due to any reason and not be 

predicted. In Path 1A, all three immediate nodes are not changed but propagate the change 

to the sink, therefore, they are all transmitters. 

Path 1A 

1st node 

(T) 

1

PL from it to the sink
 

=
1

3
= 0.33 

2nd node 

(T) 

1

PL from it to the sink
 

=
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3rd node 
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1

PL from it to the sink
 

=
1

1
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The sink 
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1

PL to it from the source
 

=
1

4
= 0.25 
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In Path 1B, the first immediate node is the multiplier because it is changed by the initial 

change and propagates the change to the sink. The second immediate node and the third 

immediate nodes are transmitters because they are not changed but propagate the change to 

the sink. 

Path 1B 

1st node 
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1
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1
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1
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=
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1
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The sink 
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1
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1
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1

4
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1

3
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In Path 1C, the first immediate node is the transmitter because it is not changed but 

propagates the change to the second immediate node and the sink. The second immediate 

node is the multiplier because it is changed and propagates the change to the sink. The third 

immediate node is the transmitter because it is not changed but propagates the change to the 

sink.  
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2
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In Path 1D, the first immediate node and the second immediate nodes are transmitters 

because they are not changed but propagate the change to the third immediate node and the 

sink. The third immediate node is the multiplier because it is changed and propagates the 

change to the sink. 
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In Path 1E, the first immediate node and the second immediate nodes are multipliers because 

they are changed and propagate the change to the sink. The third immediate node is the 

transmitter because it is not changed but propagates the change to the sink. 
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In Path 1F, the first immediate node is the multiplier because it is changed and propagates 

the change to the third immediate node and the sink. The second immediate node is the 
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transmitter because it is not changed but propagates the change to the third immediate node 

and the sink. The third immediate node is the multiplier because it is changed and propagates 

the change to the sink. 
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In Path 1G, the first immediate node is the transmitter because it is not changed but 

propagates the change to the second immediate node, the third immediate node, and the sink. 

The second immediate node is the multiplier because it is changed and propagates the change 

to the third immediate node and the sink. The third immediate node is also the multiplier 

because it is changed and propagates the change to the sink. 
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In Path 1H, all three immediate nodes are multipliers because they are changed and propagate 

the change to the sink. 

Path 1H 
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The second group contains the relationships that stem from the source node and ends 

at a changed node which is not the sink. This changed end node is evidently the change 

absorber. The immediate nodes may or may not be changed nodes, but they propagate the 

change to the end node. Therefore, they are, by definition, either multipliers or transmitters 

of the change. The source node is not given any volatility score because the initial change 

can be due to any reason and not be predicted. This group is scored similarly to the first 

group, and hence is not explained in detailed manner for brevity. 

The third group contains the relationships that stem from the source node and ends 

at an unchanged node. This end node is the robust node since it is not changed and does not 

propagate the change further. The immediate nodes may be robust to the change or may 

transmit, multiply, or absorb the change based on their relative positions on the relationship. 

The source node is not given any volatility score because the initial change can be due to any 

reason and not be predicted. In Path 3A, all three immediate nodes are robust because they 

are not changed and do not propagate the change. 
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In Path 3B, the first immediate node is the absorber because it is changed but does not 

propagate the change further. The second immediate node and the third immediate node are 

robust because they are not changed and do not propagate the change. 
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In Path 3C, the first immediate node is the transmitter because it is not changed but 

propagates the change to the second immediate node. The second immediate node is the 

absorber because it is changed but does not propagate the change further. The third 

immediate node is robust because it is not changed and does not propagate the change. 
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In Path 3D, the first immediate node and the second immediate node are transmitters because 

they are not changed but propagate the change to the third immediate node. The third 

immediate node is the absorber because it is changed but does not propagate the change 

further. 
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PL from it to 3rd node
 

=
1

1
= 1.0 

3rd node 

(A) 

1

PL to it from the source
 

=
1

3
= 0.33 

End node 

(R) 

1

PL to it from the source
+

1

PL to it from 3rd node
 

=
1

4
+

1

1
= 1.25 

In Path 3E, the first immediate node is the multiplier because it is changed and propagates 

the change to the second immediate node. The second immediate node is the absorber 

because it is changed but does not propagate the change further. The third immediate node 

is robust because it is not changed and does not propagate the change. 

Path 3E 

1st node 

(M) 

1

PL from it to 2nd node
 

=
1

1
= 1.0 

2nd node 

(A) 

1

PL to it from the source
+

1

PL to it from 1st node
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=
1

2
+

1

1
= 1.5 

3rd node 

(R) 

1

PL to it from the source
+

1

PL to it from 1st node
+

1

PL to it from 2nd node
 

=
1

3
+

1

2
+

1

1
= 1.83 

End node 

(R) 

1

PL to it from the source
+

1

PL to it from 1st node
+

1

PL to it from 2nd node
 

=
1

4
+

1

3
+

1

2
= 1.08 

In Path 3F, the first immediate node is the multiplier because it is changed and propagates 

the change to the second immediate node. The second immediate node is the transmitter 

because it is not changed but propagates the change to the third immediate node. The third 

immediate node is the absorber because it is changed but does not propagate the change 

further. 

Path 3F 

1st node 

(M) 

1

PL from it to 3rd node
 

=
1

2
= 0.5 

2nd node 

(T) 

1

PL from it to 3rd node
 

=
1

1
= 1.0 

3rd node 

(A) 

1

PL to it from the source
+

1

PL to it from 1st node
 

=
1

3
+

1

2
= 0.83 

End node 

(R) 

1

PL to it from the source
+

1

PL to it from 1st node
+

1

PL to it from 3rd node
 

=
1

4
+

1

3
+

1

1
= 1.58 

In Path 3G, the first immediate node is the transmitter because it is not changed but 

propagates the change to the second immediate node and the third immediate node. The 

second immediate node is the multiplier because it is changed and propagates the change to 

the third immediate node. The third immediate node is the absorber because it is changed 

but does not propagate the change further. 

Path 3G 

1st node 

(T) 

1

PL from it to 2nd node
+

1

PL from it to 3rd node
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=
1

1
+

1

2
= 1.5 

2nd node 

(M) 

1

PL from it to 3rd node
 

=
1

1
= 1.0 

3rd node 

(A) 

1

PL to it from the source
+

1

PL to it from 2nd node
 

=
1

3
+

1

1
= 1.33 

End node 

(R) 

1

PL to it from the source
+

1

PL to it from 2nd node
+

1

PL to it from 3rd node
 

=
1

4
+

1

2
+

1

1
= 1.75 

In Path 3H, the first immediate node and the second immediate node are multipliers because 

they are changed and propagate the change to the third immediate node. The third immediate 

node is the absorber because it is changed but does not propagates the change further. 

Path 3H 

1st node 

(M) 

1

PL from it to 2nd node
+

1

PL from it to 3rd node
 

=
1

1
+

1

2
= 1.5 

2nd node 

(M) 

1

PL from it to 3rd node
 

=
1

1
= 1.0 

3rd node 

(A) 

1

PL to it from the source
+

1

PL to it from 1st node
+

1

PL to it from 2nd node
 

=
1

3
+

1

2
+

1

1
= 1.83 

End node 

(R) 

1

PL to it from the source
+

1

PL to it from 1st node
+

1

PL to it from 2nd node
+

1

PL to it from 3rd node
 

=
1

4
+

1

3
+

1

2
+

1

1
= 2.08 

It is important to note that only modified requirement changes are analyzed and 

changes resulting in addition or deletion of requirements are not considered. In a requirement 

network of a case study modeled by the ARCPP tool, an individual requirement node, based 

on its position on multiple extracted relationships and based on different change instances, 

will have different volatility class metrics, however, it will have the same vector of complex 

network metrics regardless. This means if 𝑥𝑖⃗⃗  ⃗ = (𝑥𝑖1, . . . , 𝑥𝑖𝐷)  is the vector of D complex 

network metrics of requirement 𝑖, 𝑣𝑖,𝑗⃗⃗ ⃗⃗  ⃗ = (𝑀𝑖, 𝑇𝑖, 𝐴𝑖 , 𝑅𝑖)𝑗 is the vector of volatility scores of 
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requirement 𝑖 for change instance 𝑗. For a change instance, based on its relative position on 

multiple requirement relationships, a requirement node may have multiple volatility scores 

simultaneously, meaning that a changed requirement may serve as a multiplier or an 

absorber, and similarly, an unchanged requirement may server as a transmitter or a robust 

requirement. Considering all change instances in a case study, a requirement may have all or 

any one volatility class metrics. In this dissertation, for a change instance of a case study, 

each volatility class metric of each requirement is summed over all extracted potential 

relationships and normalized by the maximum value with respect to the other requirements. 

This operation is performed for all change instances of a case study. Then, each volatility 

class metric of each requirement is then summed over all change instances and normalized 

by the maximum value with respect to the other requirements to produce final volatility 

scores values ranging from 0 to 1.  

These volatility metric scores are observed to be very sparse meaning that the 

metrics have only a few instances at each unique value between the range of 0 and 1. 

Therefore, it is considered that dividing the volatility metric values into multiple ordered 

categorical levels would help with the granularity of the data and developing a better 

computational model. The volatility scores can be divided into multiple intervals to classify 

into different severity levels. For example, multiplicity score can be divided into two 

intervals at one threshold to classify the requirement into having low or high multiplicity of 

change. It can also be divided into three intervals at two thresholds to classify the 

requirement into having low, medium, or high multiplicity of change. An example excerpt 

of the requirement volatility class metrics data is shown below in Table 13 where 𝑣𝑖⃗⃗⃗  =
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(𝑀𝑖, 𝐴𝑖 , 𝑇𝑖, 𝑅𝑖) is the vector of final volatility class metrics of requirement 𝑖 normalized with 

respect to other requirements over all extracted potential relationships and all change 

instances of a case study. The volatility class metrics serve as categorical dependent output 

variables in computational methods explored to develop computational models. Table 14 

summarizes the answer for RQ 1. 

Table 13: Example Excerpt of Volatility Class Metrics 

Req. 
Volatility  

𝒗𝒊⃗⃗  ⃗ = (𝑴𝒊, 𝑨𝒊, 𝑻𝒊, 𝑹𝒊) 

1 𝑣1⃗⃗⃗⃗ = (0, 0, 0.65, 0.20) 

2 𝑣2⃗⃗⃗⃗ = (0, 1, 0, 0) 

3 𝑣3⃗⃗⃗⃗ = (1, 0.67, 0, 0) 

… … 

m 𝑣𝑚⃗⃗⃗⃗  ⃗ = (0.85, 0.25, 0.14, 0.37) 

 

Table 14: Summary for RQ 1 

RQ 1 Can requirement change volatility be measured through four classes 

namely, (1) multiplier, (2) absorber, (3) transmitter, and (4) robust, during 

every instance of change? 

Answer Requirement change volatility can be measured through four classes, (1) 

multiplier, (2) absorber, (3) transmitter, and (4) robust, in respective metric 

values during every instance of change utilizing the requirement network 

relationships obtained from the refined ARCPP tool and the actual requirement 

change data of industrial case studies. 
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Chapter 5. 

Complex Network Metrics 

This chapter addresses the second research question presented in section 3.2. The 

second research question is to investigate if complex network metrics can be explored and 

computed for each requirement. To answer this question, Task II: computation of complex 

network metrics of each requirement is carried out. Section 5.1 presents Subtask II.a: 

researching and selecting complex network metrics. Section 5.2 describes Subtask II.b: 

exploring existing tools and developing new tools to calculate the selected complex network 

metrics. 

5.1. Complex Network Metrics Taxonomy 

Based on the reviewed literature, most of the network approaches presented in 

section 2.3.2 do not utilize comprehensive list of complex network metrics. Menon’s 

taxonomy of complex network metrics in [15] described in section 2.3.2.8 is found to be the 

most relevant and up to date for studying change propagation. Detailed physical and 

mathematical definitions of all the metrics are not discussed here since it is not the focus of 

this dissertation and can be found in [15]. The taxonomy of complex network metrics in [15] 

is shown in Figure 21 along with network directionality (directed (DIR) and both directed 

and undirected (BOTH)). Menon defined two main categories of complex network metrics, 

namely, global descriptive metrics and pairwise descriptive metrics. Global descriptive 

metrics describe network topology considering contributions from all nodes in the network. 
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In global descriptive metrics, there are three sub categories called distance and clustering 

metrics, centrality metrics, and subgraph and community detection metrics. As their names 

imply in general, distance and clustering metrics refer to metrics based on a node’s distance 

to others, centrality metrics refer to metrics based on a node’s importance in the network 

based on topological features, and subgraph and community metrics refer to those based on 

a node’s properties in relation to a subgraph or community it belongs to. For example, one 

of the distance and clustering metrics, average neighbor degree of a node, is the average 

relationships or edges of its immediate neighbor nodes describing the connectedness of a 

node based on its neighbors [139]. One of the centrality metrics, closeness centrality of a 

node, indicates the node’s importance based how reachable other nodes are from a give node 

by the mean geodesic distance between the node and any other node 𝑗 averaged over all 

nodes in the network [140–143]. One of the subgraph and community detection metrics, 

communities metric or modularity, measures the quality of the communities or modules 

representing subnetworks of nodes having more intertwined relationships with each other 

[144–147]. Including such metrics in this research may be useful in attempting to understand 

how the change volatility class of a requirement depends on the different requirement types 

(e.g. safety, regulations, aesthetic, etc.) since the requirement network may contains modules 

with similar types of requirements more interconnected. Since requirement networks studied 

in this dissertation are directed networks, metrics that account for directions of relationships 

are also considered. For example, metrics such as in-degree and out-degree are employed to 

study the connectedness of a requirement node in terms of the number of relationships 
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directed to it from other requirement nodes and the number of relationships originating from 

it to other requirement nodes. 

Pairwise descriptive metrics, for example, walk length and path length, quantify 

interactions between change initiated and change propagated node pairs. It is identified in 

this dissertation that all global descriptive metrics are relevant, but pairwise descriptive 

metrics should be modified for this research. This is because pairwise descriptive metrics in 

Menon’s work measured only the interaction of change initiated and change propagated node 

pairs. Arbitrary path length up to three between change initiated node and change propagated 

node, arbitrary walk length up to three between change initiated node and change propagated 

node, and maximum number of paths only between change initiated node and change 

propagated node were considered [15]. This research attempts to determine four change 

volatility classes of all requirement nodes from their corresponding complex network metrics 

which are dependent on all requirement network relationships. It is found out that the 

maximum shortest path length and walk length are four in all case studies employed in this 

dissertation. Therefore, up to path length four, up to walk length four, and the maximum 

number of paths from individual requirement nodes to all other requirement nodes are 

considered in this research with the directions of relationships also accounted for. The 

general overview of the selected complex network metrics is described below. The final list 

of the complex network metrics is shown in the Table 15 with corresponding references for 

their detailed definitions. 

Distance and Clustering Based Metrics 

Eccentricity: Eccentricity of a node i in a connected network is the distance or the length of 

the shortest path between the node to a node j furthest from it [15,148–150]. The minimum 
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eccentricity of all nodes in the network is called the radius and the maximum eccentricity is 

the diameter [15,148–150].  

Efficiency: Efficiency is called local efficiency of a node and measures its ability to 

exchange information in its neighborhoods, in other words, it measures how efficiently the 

immediate neighbors of node i communicate with each other when node i is removed from 

the network [15,151,152]. 

Vulnerability: Vulnerability is defined in terms of global efficiency as the reduction in the 

communication of the whole network when a node and all of its edges are removed from the 

network [15,153–155]. It is an effective metric to identify the most vulnerable components 

crucial for assessing the performance of the network. 

Clustering Coefficient: Clustering coefficient measures how a node and its neighbors are 

clustered together to form clusters or closely related entities. Clustering coefficient of a node 

i is defined as the fraction of node i’s neighboring node pairs that are also connected to each 

other and represents the average probability that a pair of i’s neighbors are neighbors of one 

another [15,156,157].  

Degree: Degree of a node is the number of edges connected to it, indicating the total number 

of nearest neighbors to the node [15,140,158]. In a directed network, two types of degrees 

are defined: in-degree is the number of edges incident on a node and out-degree is the number 

of edges leaving the node. Degree is often used as a centrality measure, degree centrality, 

and similarly, in-degree and out-degree are also known as centrality measures called in-

degree centrality and out-degree centrality indicating how much a node is influenced and 

how much it influences its nearest neighbors [15,140,158]. 
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Average Neighbor Degree: Average neighbor degree is the average degree of nodes that are 

neighbor of node i and represents the connectedness of a node through its neighbors [15,139]. 

Centrality Metrics 

Closeness Centrality: Closeness centrality of a node i measures how reachable other nodes 

are from it using the inverse of the mean geodesic distance or shortest path length from node 

i to any other node j averaged over all vertices in the network [15,140–143]. High closeness 

centrality means that the node can reach other nodes closely in short distances. In a directed 

network, in-closeness centrality represents how a node is reachable based on average 

geodesic distance from other nodes to it, and out-closeness centrality represents how closely 

a node can reach other nodes based on average geodesic distance from it to them [15]. 

Delta Centrality: Delta centrality of a node is defined based on the information centrality 

which assesses the change in the information propagation efficiency in the network when a 

node is removed [15,159]. It is calculated in terms of the global efficiency as in vulnerability, 

however, the difference is that in calculating delta centrality, only the edges of the node are 

removed with the same number of nodes remaining in the network while both the node and 

its edges are removed in calculating vulnerability [15,159]. 

Betweenness Centrality: Betweenness centrality represents the extent to which a node lies 

on paths between other nodes [140]. It quantifies the node’s influence by measuring its 

ability to transfer information flow between other node pairs based on the fraction of the 

number of shortest paths between all node pairs which pass through it [15,140,142,160]. 

Bridging Centrality and Bridging Coefficient: Bridging centrality identifies the 

instrumental nodes in the network, instead of in terms of structure and information flow, by 

their ability to bridge between highly clustered regions of the network [15]. Bridging 
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centrality of a node is defined as the product of the betweenness centrality and bridging 

coefficient which identifies how well the node is embedded between nodes with high degrees 

[15,160].  

Random Walk Centrality: Random walk centrality discussed here is analogous to random 

walk based Freeman’s closeness centrality [15]. While Freeman’s closeness centrality is 

defined as the inverse of the geodesic distance from a node to all other nodes[142], random 

walk centrality of a node is defined as the inverse of the average mean first passage time to 

another node j from node I [15,161–163]. The average mean first passage time from node I 

to node j is the number of steps a random walker who starts at node i is expected to take to 

reach node j for the first time [161]. Using random walks allows the contribution of all paths 

instead of just the shortest ones [15]. 

Counting Betweenness Centrality: Counting betweenness centrality is a modified version 

of Newman’s random walk betweenness centrality which based on random walks instead of 

shortest paths incorporated directed networks with self-loops [15,161]. Counting 

betweenness centrality measures how often a node is reached on first passage walks averaged 

over all pairs of nodes [15,161]. 

Flow Coefficient and Total Flow Paths: Flow coefficient of a node measures the ability of 

the node to convey information flow between neighboring nodes and is defined as the ratio 

of the total flow paths (the number of all actual paths of length two connecting neighbors of 

a central node that pass through the node) to the number of all possible such paths [15,164]. 

Brokering Coefficient: Brokering coefficient was first developed to distinguish between 

disease causing and non-disease causing genes from protein interactions data [15,165]. The 

characteristic of the disease causing gene is its high brokering property, the ability to connect 
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many other genes that would not be connected otherwise [165,166]. Brokering coefficient of 

a node i is defined in terms of the difference between its log transformed degree and log 

transformed clustering coefficient. Nodes with high brokering coefficient tend to have more 

neighbor nodes (or high degrees) with small number of edges among them (or low clustering 

coefficient) and the opposite is true for nodes with low brokering coefficient [15,165]. 

Eigenvector Centrality: While degree centrality is based on the number of immediate 

neighbors of a node, eigenvector centrality measures the node’s importance not only on its 

own degree but also on the degree of its neighboring nodes [15,140,167]. Eigenvector 

centrality is then proportional to the sum of the degrees of the node’s neighbors, and when 

applied to directed networks, it is commonly defined by right eigenvector centrality is based 

on neighbor nodes pointing to it and left eigenvector centrality is based on neighbor nodes it 

is pointing to [140]. Eigenvector centrality of a node can be high because a node is connected 

to many neighbors or to neighbors that are themselves very connected or both [140]. 

Katz Centrality: Katz centrality of a node is the extension of eigenvector centrality which 

is commonly defined as the right eigenvector based on neighbor nodes pointing to it as 

mentioned above [15,140,168]. In cases where the neighboring node j does not have any 

incoming edges on it, any edge from the node j to the node i of interest would not contribute 

in increasing the eigenvector centrality of node i. Katz centrality is a fix to this issue by 

adding a base centrality term value to each node in the network so that even neighbors with 

zero incoming edges would contribute to the centrality increase [140]. In Katz centrality, the 

normal eigenvector centrality term is also reduced exponentially by path length distances 

between the nodes using an attenuation factor which is mathematically positive and no 

greater than the maximum eigen value of the adjacency matrix of the network [15,140,169]. 
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Alpha Centrality: Alpha centrality is the generalization of Katz centrality that allows the 

node to be endowed with non-network external contribution factors [15,169,170]. The 

attenuation factor can also be negative to account for trade bargaining networks in which a 

node obtains higher centrality score if connected to nodes that are less connected or 

resourceful [167]. If the absolute value of the attenuation factor is less than the maximum 

eigen value of the adjacency matrix of the network and the vector of external contribution 

factors is ones for all nodes, then the alpha centrality is just one more than the Katz centrality 

[167,169]. 

PageRank: PageRank centrality is developed based on the argument that when node i is 

pointed to by node j with high Katz centrality which also points to many other nodes, it is 

not always appropriate to state that node i is central because it is just one among many other 

nodes [140]. PageRank centrality is then derived as a variation of Katz centrality and defines 

that the centrality of a node endowed by its neighbors is proportional to their centrality 

divided by their out degree, meaning highly central nodes pointing to many other nodes 

endow only a fraction of their centrality to each individual node they point to 

[15,140,171,172]. 

Hub Centrality and Authority Centrality: Although a node’s centrality measures 

presented above are commonly defined based on central nodes that point to it, Hub centrality 

and authority centrality offer another versatile variation of centrality in directed network 

[15]. Taking a citation network as an example, a node representing review paper on a 

research topic may not contain detailed information about the topic but may cite or point to 

many other papers that contain such information. Such nodes are called hubs and those 

containing useful detailed information on the topic and pointed to by hubs are called 
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authorities [140]. Therefore, a node with high hub centrality is the one pointing to many 

nodes with high authority centrality and a node with high authority centrality is the one 

pointed to by many nodes with hub centrality. The authority centrality of a node is 

proportional to the sum of the hub centralities of the nodes that point to it, and the hub 

centrality of a node is proportional to the sum of the authority centralities of the nodes it 

points to, and solved by an algorithm called hyperlink-induced topic search or HITS 

[15,140,173]. 

Subgraph Centrality: Subgraph centrality characterizes the involvement of nodes in all 

subgraphs in the network [15]. Subgraph centrality of a node is proportional to the value of 

the sum of all closed walks (both trivial and nontrivial, therefore, considering all subgraphs, 

i.e., acyclic and cyclic) of all different lengths in the network starting and ending at the node 

scaled and bounded to avoid divergence problem [15,172,174]. Based on the observation 

that motifs or patterns in the real world networks are small subgraph, the shorter the lengths 

of the closed walks are, the more they contribute to the subgraph centrality of the node [174]. 

K-coreness Centrality: K-core is the extended idea of a clique which is a maximal subset 

of nodes in the network such that every node is connected by an edge to every other node 

[140]. A k-core is the maximal subset of nodes such that each node is connected to at least k 

others in the subset [15,140,175]. K-core centrality then represents each node’s 

connectedness in tightly linked groups of nodes and calculated in this dissertation using the 

algorithm implemented in [175] as in [15]. The k-core is obtained by removing from the 

network the nodes with less than k degrees iteratively until there remain only a set of nodes 

connected to at least k others [15,140]. 
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Subgraph and Community Metrics 

Modularity and Community: Community or module to which a requirement node belongs 

to are defined by a quantity called modularity which measures the extent or quality to which 

similar nodes in the network are connected to each other by finding the difference between 

the fraction of edges connecting similar nodes and the expected fraction of such edges if 

edges were positioned randomly [15,144–147]. Another useful alternative definition of 

modularity measures the quality of community partition by comparing the fraction of edges 

intra community to the fraction of edges inter community [140,176]. 

Within Module Degree: Within module degree score measures the cohesiveness among 

nodes belonging to the same community, in other words, it indicates how well connected a 

node is to other nodes within the module or cluster it belongs to [15,151,177]. 

Participation Coefficient: Participation coefficient measures the diversity of intermodular 

connections of an individual node quantifying a node’s interactions with nodes in other 

modules relative to nodes in its own module by comparing the number of edges of a node to 

nodes to all modules with the number of edges within its on module [15,151,177]. The larger 

participation coefficient of a node means that its edges are more uniformly distributed among 

all modules than they are within its own module [177]. 

Pairwise Descriptive Metrics 

Path Count: A path from a node i to node j is a sequence of unrepeated adjacent nodes 

starting from i and ending at j. Path length is then the number of edges contained in a path, 

and path count for a given path length k is then the total number of paths of length k between 

node i and node j [15,140]. 
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Walk Count: A walk is similar to a path in that a walk from a node i to another node j is a 

sequence of adjacent nodes starting from i and ending at j, but the difference is that a walk 

can visit a node more than once. Walk length is then defined as the number of edges 

contained in a walk, and walk count for a given walk length k is then the total number of 

walks of length k between node i and node j [15,178]. 

Maximum Flow: Maximum flow between a given node pair is the sum of the weights on 

the edges of the minimum edge cut set (a set of edges whose removal would disconnect the 

node pair) that separates them [15,140,179]. Simply put, it is the measure of the amount of 

information that can flow between a pair of nodes at any given time, alternatively, it is equal 

to the maximum number of independent paths that can be simultaneously active between the 

node pair times [8,15]. 

Table 15: Selected Complex Network Metrics  

ID Category Name Source 

1 

Distance and 

Clustering 

Metrics 

Eccentricity [148–150] 

2 Efficiency [151,152] 

3 Vulnerability [153–155] 

4 Clustering Coefficient [156,157] 

6 Degree [140,158] 

7 In – Degree [140,158] 

8 Out – Degree [140,158] 

 Average Neighbor Degree [139] 

9 

Centrality 

Metrics 

In - Closeness Centrality [140–143] 

10 Out- Closeness Centrality [140–143] 

11 Delta Centrality [159] 

12 Bridging Centrality [160] 

13 Bridging Coefficient [160] 

14 Random Walk Centrality [161–163] 

15 Betweenness Centrality [140,142,160] 
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16 Counting Betweenness [161] 

17 Flow Coefficient [164] 

18 Total Flow Paths [164] 

19 Brokering Coefficient [165] 

20 Right Eigenvector Centrality [140,167] 

21 Left Eigenvector Centrality [140,167] 

22 Alpha Centrality [169,170] 

23 Katz Centrality [140,168] 

24 Subgraph Centrality [172,174] 

25 K-coreness Centrality [140,175] 

26 PageRank [140,171,172] 

27 HITS – Authority Centrality [140,173] 

28 HITS – Hubs Centrality [140,173] 

29 Subgraph 

and 

Community 

Metrics 

Participation Coefficient [151,177] 

30 Within Module Degree [151,177] 

31 Communities [144–147] 

32 

Modified 

Pairwise 

Descriptive 

Metrics 

Out - Path Length = 1 [140] 

33 Out - Path Length = 2 [140] 

34 Out - Path Length = 3 [140] 

35 Out - Path Length = 4 [140] 

36 In - Path Length = 1 [140] 

37 In - Path Length = 2 [140] 

38 In - Path Length = 3 [140] 

39 In - Path Length = 4 [140] 

40 Out - Walk Length = 1 [178] 

41 Out - Walk Length = 2 [178] 

42 Out - Walk Length = 3 [178] 

43 Out - Walk Length = 4 [178] 

44 In – Walk Length =1 [178] 

45 In – Walk Length =2 [178] 

46 In – Walk Length =3 [178] 

47 In – Walk Length =4 [178] 

48 Out – Maximum Number of Paths [140,179] 

49 In – Maximum Number of Paths [140,179] 
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5.2. Tools for Complex Network Metrics Generations 

To calculate the selected complex network metrics, existing tools in literature are 

explored from reliable sources. It is important in this research that existing tools that can 

calculate most, if not all, of the select metrics are desired since developing novel tools from 

scratch would be effort intensive. Since the selected metrics are referenced and modified 

from [15], the tools utilized are also explored. It is found that the same tools can be employed 

to calculate complex network metrics employed in this research. Three publicly available 

Matlab toolboxes supporting complex network analysis are Matlab Tools for Network 

Analysis developed by MIT’s Strategic Engineering Research Group (SERG), Brain 

Connectivity Toolbox (BCT) developed at Indiana University, and Systems Biology and 

Evolution Toolbox (SBEToolbox) developed at Texas A&M University. It is important to 

note that it is not in the interest of this research to implement dynamic measures in the 

characterization of requirement networks. Hence, only time-independent metrics were 

adopted from the candidate toolboxes. All three toolboxes contain algorithms for calculating 

many common complex network metrics. However, only one algorithm for each metric is 

chosen to avoid confusion. A few metrics that are not available in any of three toolboxes are 

developed from scratch using appropriate metric definitions from published sources and are 

presented in Appendix C. A versatile network visualization open source software Gephi is 

used in this research. 

Matlab Tools for Network Analysis toolbox developed by MIT’s Strategic 

Engineering Research Group (SERG) incorporates 121 functions capable of computing 

simple graph statistics, data distributions, data visualizations and common network theory 
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metrics [180]. Many algorithms included in this toolbox were adopted from other Matlab 

tools such as the grTheory toolbox and the MatlabBGL library [180]. A detailed list of all 

metrics included in this toolbox is provided in [181]. The Brain Connectivity Toolbox (BCT) 

contains a large variety of complex network metrics coded in Matlab to be used for the 

analysis of structural and functional brain connectivity datasets to various aspects of 

functional integration and segregation, quantify importance of individual regions within the 

brain, characterize patterns of local anatomical circuitry, and test resilience of networks to 

external perturbations [151,182]. The BCT toolbox is contributed by many researchers who 

study complex network metrics and thus, is an open source toolbox. This toolbox includes 

tools capable of identifying distributions of measurement values of all nodes in a network to 

indicate the global impact of the measure [182]. The Systems Biology and Evolution Toolbox 

(SBEToolbox) is developed for applications related to complex biological systems, 

implementing a combination of conventional Matlab code and MEX/C derived from the 

Boost Graph Library [165]. This toolbox is the only toolbox that incorporate a GUI 

interaction scheme. Despite its ease of usage with the GUI, it is not convenient enough to 

integrate functions from other toolboxes into SBE’s GUI code. The SBE toolbox includes 

algorithms not only for common metrics but also for uncommon and application specific 

metrics such as the brokering coefficient, and bridging centrality. The toolbox is also able to 

generate plots for network data. The specific functions used to calculate each complex 

network metric are not discussed here for brevity and can be explored in respective 

references and Appendix C. 

By utilizing existing tools mentioned above and developing novel tools, the selected 

metrics are calculated. The computed complex network metrics except the metrics with 
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categorical values are normalized by the maximum value with respect to the other 

requirements to produce final metric scores ranging from 0 to 1. An example excerpt of the 

complex network metrics data is shown in Table 16 where 𝑥𝑖⃗⃗  ⃗ = (𝑥𝑖1, . . . , 𝑥𝑖𝐷) is the input 

variable vector of requirement 𝑖 with 𝐷 complex network metrics. The computed complex 

network metrics serve as continuous or discrete independent input variables in computational 

methods explored to develop computational models. Table 17 summarizes the answer for 

RQ 2. 

Table 16: Example Excerpt of Complex Network Metrics 

Req. 
Complex Network Metrics 

𝒙𝒊⃗⃗  ⃗ = (𝒙𝒊𝟏, . . . , 𝒙𝒊𝑫) 

1 𝑥1⃗⃗  ⃗ = (0.56, … , 1) 

2 𝑥2⃗⃗⃗⃗ = (0.43, … , 4) 

3 𝑥3⃗⃗⃗⃗ = (0.14, … , 2) 

… … 

m 𝑥𝑚⃗⃗ ⃗⃗  ⃗ = (0.08, … , 5) 

 

Table 17: Summary for RQ 2 

RQ 2 Can complex network metrics be explored and computed for each 

requirement? 

Answer The most relevant and up to date taxonomy of complex network metrics is 

explored, modified, and adopted, and the metrics are calculated from the 

requirement networks obtained from the refined ARCPP tool using novel tools 

and state of the art existing tools in the literature. 
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Chapter 6. 

Explored Computational Methods 

The third research question presented in section 3.2 is to investigate if complex 

network metrics can be used to predict requirement change volatility metrics. To answer this 

question, Task III: development of computational models is carried out. This chapter 

addresses the first task to address the third research question: Subtask III.a: researching 

computational methods. The explored computational methods are presented in detailed 

manner in this chapter. 

The extensive exploration of computational methods is carried out to be able to 

select and deploy relevant computational methods on training data of requirement changes 

to develop computational models and validate the models against testing data of requirement 

changes of industrial case studies to determine requirement change volatility metrics from 

complex network metrics. This can be done through computational methods that map input 

independent variables to output dependent variable such as parametric models with 

distribution functions that can be parameterized by finite or fixed set of parameters and 

nonparametric models with distribution functions that can only be parameterized by 

infinitely many parameters [183]. Parametric models such as regression analysis assume 

known function form with fixed number of parameters to predict the output of the unseen 

inputs with easier interpretability. Nonparametric models do not make strong assumptions 

about the function form and are not that easy to interpret in predicting the output of the 

unseen inputs since the complexity grows with the amount of data [184]. To determine 
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requirement change volatility class metrics from complex network metrics, it is of utmost 

importance that the exploration of computational methods must be thorough and 

comprehensive taking all possible promising computational methods into consideration. 

Depending on different potential relationship paths obtained from networks of the 

ARCPP tool and different change instances, a requirement can belong to multiple volatility 

classes as shown in Table 18 where 𝑥𝑖⃗⃗  ⃗ = (𝑥𝑖1, . . . , 𝑥𝑖𝐷) is the vector of 𝐷 complex network 

metrics of requirement 𝑖  and where 𝑣𝑖⃗⃗⃗  = (𝑀𝑖, 𝐴𝑖 , 𝑇𝑖, 𝑅𝑖)  is the vector of volatility class 

metrics of requirement 𝑖 normalized over all extracted potential relationships and all change 

instances of a case study. Therefore, the goal of this research is to identify, based on its 

complex network metrics, to what degree a requirement belongs to which of the volatility 

classes. This becomes a classification problem in which each requirement is a data point, its 

complex network metrics are the continuous or discrete independent variables or inputs, and 

its volatility classes are the categorical dependent variables or outputs. Therefore, this is not 

just a single label learning problem in which there is only one dependent variable or output 

or label, but rather a multilabel learning problem because requirements may belong to 

multiple volatility classes simultaneously as explained in section 4.2.3. 

Table 18: Example Excerpt of Data Table 

 Dependent Variables or Outputs Independent Variables or Inputs 

Req. 
Volatility 

𝒗𝒊⃗⃗  ⃗ = (𝑴𝒊, 𝑨𝒊, 𝑻𝒊, 𝑹𝒊) 

Complex Network Metrics 

𝒙𝒊⃗⃗  ⃗ = (𝒙𝒊𝟏, . . . , 𝒙𝒊𝑫) 

1 𝑣1⃗⃗⃗⃗ = (0, 0, 0.65, 0.20) 𝑥1⃗⃗  ⃗ = (0.56, … , 1) 

2 𝑣2⃗⃗⃗⃗ = (0, 1, 0, 0) 𝑥2⃗⃗⃗⃗ = (0.43, … , 4) 

3 𝑣3⃗⃗⃗⃗ = (1, 0.67, 0, 0) 𝑥3⃗⃗⃗⃗ = (0.14, … , 2) 

… … … 

m 𝑣𝑚⃗⃗⃗⃗  ⃗ = (0.85, 0.25, 0.14, 0.37) 𝑥𝑚⃗⃗ ⃗⃗  ⃗ = (0.08, … , 5) 
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Using the requirement change data from industrial case studies as training data, three 

supervised computational learning methods will be explored in this research:  

• Regression analysis (RA),  

• Artificial neural networks (ANNs), and  

• Multilabel learning (MLL) methods employing machine learning algorithms.  

RA and ANNs are chosen to explore in this research as single label learning methods. 

Traditional single label learning methods deals with learning from a set of data points with 

independent variables associated with only one dependent variable or label, λ𝑖, from a set of 

disjoint labels, 𝐿 = {λ1, λ2, . . . , λ𝑄} , |𝑄| > 1 . If |𝑄| = 2 , the problem is called binary 

classification problem and if |𝑄| > 2, it becomes a multiclass classification problem [185]. 

The requirement change volatility problem in this research is neither because a requirement 

may belong to multiple volatility classes. Since the RA and ANNs deal with only one output, 

all four requirement volatility classes cannot be analyzed simultaneously. Therefore, four 

volatility classes data will be separated into four individual data sets, each with a volatility 

class as a dependent variable with corresponding complex network metrics as shown in Table 

19. As explained in section 4.2.3, each volatility class metric can also be partitioned into 

multiple intervals at different thresholds to represent different severity levels. For example, 

multiplicity score can be partitioned into two intervals at one threshold to classify the 

requirement into having low or high multiplicity of change or into three intervals at two 

thresholds to classify the requirement into having low, medium, or high multiplicity of 

change. 
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Table 19: Example Excerpt of Data Table for RA and ANNs 

 Multiplicity Absorbance Transmittance Robustness 

Req. Metric 𝒙𝒊⃗⃗  ⃗ 𝑴𝒊 Metric 𝒙𝒊⃗⃗  ⃗ 𝑨𝒊 Metric 𝒙𝒊⃗⃗  ⃗ 𝑻𝒊 Metric 𝒙𝒊⃗⃗  ⃗ 𝑹𝒊 

1 (0.56, … , 1) 0 (0.56, … , 1) 0 (0.56, … , 1) 0.65 (0.56, … , 1) 0.20 

2 (0.43, … , 4) 0 (0.43, … , 4) 1 (0.43, … , 4) 0 (0.43, … , 4) 0 

3 (0.14, … , 2) 1 (0.14, … , 2) 0.67 (0.14, … , 2) 0 (0.14, … , 2) 0 

… … … … … … … … … 

m (0.08, … , 5) 0.85 (0.08, … , 5) 0.25 (0.08, … , 5) 0.14 (0.08, … , 5) 0.37 

On the other hand, in MLL methods, the learning is a mapping from each data point 

to a set of outputs or labels. The labels are not mutually exclusive, meaning that a data point 

can be a member of more than one label. Multilabel learning methods are designed to operate 

on multilabel data sets directly as shown in Table 18. Each volatility class metric can also be 

partitioned into multiple intervals at different thresholds to represent different severity levels. 

It is important to note that unlike RA and ANNs that can model multiple levels of only one 

volatility class at a time, MLL methods can model multiple levels of all four volatility classes 

simultaneously. They employ machine learning classification algorithms and are considered 

promising approach for the requirement volatility classification problem. Section 6.1, section 

6.2, and section 6.3 present RA, ANNs, and their evaluation measures and performance 

comparisons in detailed manner. Section 6.4 and section 6.5 detail MLL methods and their 

evaluation measures and performance comparisons respectively. It is also important to note 

that throughout this research, the terms, learning, learner, inputs, and outputs will be used 

interchangeably with the terms, classification, classifier, independent variables (or features), 

dependent variables (or labels) respectively. 
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6.1. Regression Analysis 

Regression analysis (RA) is the method in which a relationship is explored between 

a dependent variable and one or more independent variables that are related in 

nondeterministic manner [186]. Since this type of relationship exploration is needed 

frequently in many fields of science and engineering, it is one of the most widely used tool 

[186]. The dependent and independent variables may be continuous or categorical in RA. 

Linear regression analysis can determine the linear relationship between independent 

variables and a dependent variable that is continuous. For problems in which the dependent 

variable becomes categorical, a range of RA models have been developed including logistic 

regression and discriminant analysis [187]. Many useful dependent variables are categorical, 

for example, a consumer’s decision to buy or not buy, a product’s success or failure in quality 

control test, good or poor credit risk, etc. [187]. When the dependent variable is categorical 

in nature with error distribution unlikely to be normal, it cannot be predicted as a numerical 

value as in linear regression, thus, the usual regression least squares error criteria for best fit 

is inappropriate [187]. Discriminant analysis also strictly requires independent variables to 

be continuous, whereas logistic regression can be used in cases where the dependent variable 

is categorical and the independent variables are categorical or a mix of continuous and 

categorical [187]. Therefore, RA models that can deal with categorical dependent variable 

are explored in this dissertation since the requirement volatility classes are categorical. They 

are binary output logistic regression model, nominal output baseline category logit model, 

and ordinal output cumulative logit model. 
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6.1.1. Binary Output Logistic Regression 

In simple linear regression, the expected value of the dependent variable can take 

any value that ranges between − ∞  and + ∞  [188]. In this dissertation, where dependent 

variables are dichotomous or categorical volatility classes, the intention is not to predict the 

numerical value of dependent variable 𝑌, but the probability that 𝑃 that it is 1 or 0, indicating 

that it belongs to one category or the other. However, using the probability as the dependent 

variable as a linear function is not appropriate because it might be possible to predict the 

probability value greater than 1 since the independent variables may be unlimited in range 

[187]. The expected value of the dichotomous or categorical dependent variable must be 

greater than or equal to zero and less than or equal to 1 (i.e. 0 ≤ 𝐸(𝑌|𝑥) ≤ 1 ) [188]. Logistic 

regression serves to address this problem with a different approach. Logistic regression 

employs binomial probability theory to determine the probability (either 1 or 0) of the 

dependent variable belonging to one category or the other [187]. It assesses simultaneously 

the relationship of multiple independent variables with one of two possible states of the 

single dependent variable [187]. When the dependent variable is dichotomous, nonlinear 

distribution function shape, a gradually increasing or decreasing S-shaped (or reverse S-

shape), as shown in Figure 38 is employed [186]. Although many distribution functions have 

been proposed as discussed in [189], this logistic distribution function is used because it is 

flexible for usage and interpretation [188]. This function is called the logit function and 

shown in Equation 1. 

𝑃(𝑌) = 𝐸(𝑌) =  
𝑒(𝑎+ 𝑏𝑥)

1 + 𝑒(𝑎+ 𝑏𝑥)
 (1) 
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The transformation of this function shown in Equation 2 is the logit transformation, or the 

logistic regression equation defined in terms of the odds ratio as below where 𝑃 =  the 

probability that the dependent variable is in a category, 𝑎 = the constant or intercept term of 

the equation, 𝑏 = the contribution coefficient of the independent variable 𝑥. 

𝐿𝑜𝑔𝑖𝑡(𝑃) = 𝑙𝑜𝑔 (
𝑃

1 − 𝑃
) =  𝑎 +  𝑏𝑥 (2) 

It can be seen that as 𝑃  ranges from 0 to 1, 𝐿𝑜𝑔𝑖𝑡(𝑃)  ranges from −∞  to +∞ 

symmetric about the 𝐿𝑜𝑔𝑖𝑡(0.5) = 0 and has the linear relationship with 𝑥 [187]. The odds 

ratio is the odds that an outcome will occur given an independent variable, versus the odds 

in the absence of that independent variable. For example, if the odds ratio is 2 for a particular 

value of independent variable 𝑥, it means that the success of the outcome is twice as likely 

as failure at that particular value of the independent variable 𝑥 [186]. It estimates the change 

in the odds of falling into a category for one unit increase in the independent variable by 

being calculated as the exponent of the contribution coefficient of the independent variable 

[187]. Consider a data set with 𝑁 number of cases (𝑖 = 1,… ,𝑁), 𝑌𝑖 representing the binary 

dependent variable, 𝑥𝑖  representing the vector of length 𝑝  independent variables with 

corresponding 𝑝 number of coefficients 𝑏. The logistic regression model in its exponential 

and logit form similar to Equation 1 and Equation 2 with unit intercept term is shown in 

Equation 3 and Equation 4 [190]. 

𝜋𝑖 = 𝑃(𝑌𝑖 = 1|𝑥𝑖) =  
𝑒(𝑏𝑥𝑖)

1 + 𝑒(𝑏𝑥𝑖)
 (3) 

𝑙𝑜𝑔𝑖𝑡(𝜋𝑖) = 𝑙𝑜𝑔 (
𝜋𝑖

1 − 𝜋𝑖

) = 𝑙𝑜𝑔 (
𝑃(𝑌𝑖 = 1|𝑥𝑖)

𝑃(𝑌𝑖 = 0|𝑥𝑖)
) =  𝑏𝑥𝑖  (4) 
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Figure 38: Example Logistic Functions [186] 

Fitting the logistic regression requires the estimation of the contribution coefficients 

of the independent variables which are the unknown parameters. In linear regression, the 

method used to estimate these parameters is known as the least squares in which the values 

of contribution coefficients that minimize the sum of squared deviations of the observed 

values of dependent variable from the predicted values based on the model [188]. In logistic 

regression, this method cannot be used since the dependent variable is the probability taking 

the value between 0 and 1 [187]. The method used in the logistic regression is called the 

maximum likelihood in which the values of contribution coefficients maximizing the 

likelihood function shown in Equation 5 which expresses the probability of obtaining the 

observed dependent variable are estimated [187,188]. The maximization is done by 

differentiating this function with respect to 𝑏 and equating the result to zero to solve for the 

coefficients. This may be numerically solved using iterative algorithms such as Newton 

Raphson (NR) Algorithm or Iteratively Re-weighted Least Squares (IRWLS) Algorithm 
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[190,191]. When there are more than one observation at a 𝑥𝑖 , 𝑛𝑖  is the number of 

observations and 𝑦𝑖 is the success count. Then {𝑌1, … , 𝑌𝑁} are independent binomials with 

𝐸(𝑌𝑖) = 𝜇𝑖 = 𝑛𝑖𝜋𝑖  and 𝑛1 + ⋯+ 𝑛𝑁 = 𝑛  and the likelihood function is as shown in 

Equation 5 [188,191,192]. 

𝐿(𝑏) = 𝑙𝑜𝑔 (∏𝜋𝑖
𝑦𝑖

𝑁

𝑖=1

[1 − 𝜋𝑖]
𝑛𝑖−𝑦𝑖) (51) 

𝐿(𝑏) = ∑𝑦𝑖(𝑏𝑥𝑖)

𝑁

𝑖

− ∑𝑛𝑖 𝑙𝑜𝑔(1 + 𝑒𝑏𝑥𝑖)

𝑁

𝑖

  

The significance of the coefficients of the independent variables is checked by using 

log likelihood ratio to test the null hypothesis that all coefficients in the fitted model are 

equal to zero against the alternative hypothesis that at least one coefficient is not equal to 

zero [187,188,191]. The likelihood function is the probability of predicting the observed 

dependent variable value under stated hypotheses [187]. Since the likelihood specifies the 

probability, the log likelihood is always negative with higher values closer to zero indicating 

a better model that fits the data [193]. The log likelihood ratio test compares the log 

likelihood of the reduced model with only the intercept term with that of the fitted model in 

consideration using the test statistic Δ𝐺2, also known as delta deviance, as shown in Equation 

6 [188,191]. Naturally, the reduced model in which the independent variables are removed 

will fit not as well as the fitted model. The log likelihood ratio test checks if this difference 

in fit is statistically different. The null hypothesis is that the smaller model (the reduced 

model in this case) fits well, which is equivalent to the hypothesis mentioned earlier that all 

coefficients are zero. The statistic has 𝑘  degrees of freedom equivalent to the number of 

coefficients in consideration and is compared to 𝑋2 𝑘 distribution [191]. Large values lead 
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to small p-values providing evidence against the null hypothesis in favor of the alternative 

meaning that the coefficients are not zero and the fitted model is a better fit [191]. Although 

there exist other tests such as the Wald test and the Langrange multiplier (or Score test) which 

test the hypotheses that a coefficient or a set of coefficients is equal to some value, the log 

likelihood ratio test is the most commonly employed test in many analyses and statistical 

softwares [188,193].  

Δ𝐺2 = 𝐺2(𝑟𝑒𝑑𝑢𝑐𝑒𝑑 𝑚𝑜𝑑𝑒𝑙) − 𝐺2(𝑓𝑖𝑡𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙) 

𝑤ℎ𝑒𝑟𝑒,  𝐷𝑒𝑣𝑖𝑎𝑛𝑐𝑒 = 𝐺2 = −2ln (𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 𝑜𝑓 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙) 
(6) 

The overall goodness of fit of the logistic regression model may be tested by the 

deviance test statistic Δ𝐺2 , the Pearson chi-square test statistic 𝑋2 , and the Hosmer-

Lemeshow test statistic 𝐻𝐿 [191]. Similar to the log likelihood ratio test, the deviance test 

compares the log-likelihood of the fitted model to the log-likelihood of the saturated model 

with maximum possible number of parameters using the statistic Δ𝐺2 shown in Equation 7 

[187,188,191]. The statistic tests the null hypothesis that the smaller model, the fitted model 

in consideration in this case, fits well. The saturated model fits the data perfectly and its 

deviance is zero. Then, Δ𝐺2 becomes just the 𝐺2 of the fitted model shown in Equation 8 

[191,194]. The statistic is compared to 𝑋2 (𝑁−𝑝) distribution and large values lead to small 

p-values providing evidence against the null hypothesis in favor of the alternative hypothesis 

that the fitted model does not fit well at 95% confidence interval. [191].  

Δ𝐺2 = 𝐺2(𝑓𝑖𝑡𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙) − 𝐺2(𝑠𝑎𝑡𝑢𝑟𝑎𝑡𝑒𝑑 𝑚𝑜𝑑𝑒𝑙) (7) 

 𝐺2 = 2 ∑{𝑦𝑖 log (
𝑦𝑖

𝜇𝑖

) + (𝑛𝑖 − 𝑦𝑖)log (
𝑛𝑖 − 𝑦𝑖

𝑛𝑖 − 𝜇𝑖

)}

𝑁

𝑖

 (8) 
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6.1.2. Nominal Output Baseline Category Logit Model 

Binary logistic regression will suffice if the response dependent variable is 

dichotomous (𝑟 = 2). If the dependent variable has 𝑟 > 2 categories, multinomial logistic 

regression should be used where there are (𝑟 − 1)  non-redundant logits out of 
𝑟(𝑟−1)

2
 

possible logits [191,192]. If the dependent variable is nominal with no ordering, baseline 

category logit model can be employed to represent the odds of being in a category relative 

to being in the baseline category which is often the highest, the lowest, or the most common 

one, for all pairs of categories as the name implies [191,192]. If all independent or predictor 

variables are all categorical, the baseline category logit model has an equivalent loglinear 

model [191]. If a data set has 𝑁  number of cases (𝑖 = 1,… ,𝑁) , 𝑦𝑖 = (𝑦𝑖1, 𝑦𝑖2, … , 𝑦𝑖𝑟) 

representing the response variables, and 𝑥𝑖 representing the vector of length 𝑝 independent 

variables with corresponding 𝑝 number of coefficients 𝑏, it has a multinomial distribution 

with parameters 𝑛𝑖 = ∑ 𝑦𝑖𝑗
𝑟
𝑗=1  and 𝜋𝑖 = (𝜋𝑖1, 𝜋𝑖2, … , 𝜋𝑖𝑟) [191]. If the baseline category is 

𝑗∗ = 𝑟, the model has 𝑝(𝑟 − 1) free parameters and simultaneously describes the effects of 

𝑥𝑖 on these (𝑟 − 1) logits [191]. The coefficients vector for each category can be expressed 

as 𝑏 = [𝑏1, 𝑏2, … , 𝑏𝑟−1] and the model is as shown in Equation 9 [191,192]. 

log (
𝜋𝑖𝑗

𝜋𝑖𝑗∗
) =  𝑏𝒋𝑥𝑖  (9) 

The 𝑘𝑡ℎ element of 𝑏𝒋 can be interpreted as the increase or decrease in log-odds of 

being in the category 𝑗 versus baseline category 𝑗∗ due to a unit increase or decrease in 𝑘𝑡ℎ 

independent variable with others held constant [191]. It is important to note that the model 

is given by (𝑟 − 1)  equations for 𝑟  categories and there is one coefficient for each 𝑝 



 

118 

independent variables for each category 𝑗 , therefore, it is impossible to summarize the effect 

of an independent variable on the dependent variable by single one odds ratio [195]. The 

model fits equally for any baseline category with only the changes in values and 

interpretations of the coefficients. 𝜋𝑖 can be calculated from 𝑏 for non-baseline categories 

and baseline category as shown in Equation 10 and Equation 11 [191,192]. The log 

likelihood function is given by Equation 12 and the deviance test statistic of the fitted model 

that would compare to 𝑋2 (𝑁−𝑝)(𝑟−1)  distribution is given in Equation 13 [191,192,196]. 

Large values lead to small p-values providing evidence against the null hypothesis to accept 

at 95% confidence interval the alternative hypothesis that the fitted model does not fit the 

data. 

𝜋𝑖𝑗 =
𝑒(𝑏𝑗𝑥𝑖)

1 + ∑ 𝑒(𝑏𝑗𝑥𝑖)
𝑗≠𝑗∗

 (10) 

𝜋𝑖𝑗∗ =
1

1 + ∑ 𝑒(𝑏𝑗𝑥𝑖)
𝑗≠𝑗∗

 (11) 

𝐿(𝑏) = log (∏∏𝜋
𝑖𝑗

𝑦𝑖𝑗

𝑗∗

𝑗=1

𝑁

𝑖=1

) = 𝑙𝑜𝑔 (∏ ∏ (
𝜋𝑖𝑗

𝜋𝑖𝑗∗
)

𝑦𝑖𝑗

𝜋𝑖𝑗∗
𝑛𝑖

𝑗≠𝑗∗

𝑁

𝑖=1

) (12) 

𝐿(𝑏) = ∑ ∑ 𝑦𝑖𝑗(𝑏𝑗𝑥𝑖)

𝑗≠𝑗∗

𝑁

𝑖

− ∑𝑛𝑖  𝑙𝑜𝑔(1 + ∑ 𝑒(𝑏𝑗𝑥𝑖)

𝑗≠𝑗∗

)

𝑁

𝑖

  

 𝐺2 = 2∑∑𝑦𝑖𝑗𝑙𝑜𝑔 (
𝑦𝑖𝑗

𝜇𝑖𝑗

)

𝑟

𝑗

𝑁

𝑖

 (13) 

6.1.3. Ordinal Output Cumulative Logit Model 

If the dependent response variable is ordinal with natural ordering with 𝑟 > 2 

categories, proportional odds cumulative logit model that accounts for the ordering by using 

cumulative probabilities up to a threshold making the ordinal categories binary at the 

threshold can be employed [191,195]. For a data set has 𝑁 number of cases (𝑖 = 1,… ,𝑁), 



 

119 

𝑦𝑖 = (𝑦𝑖1, 𝑦𝑖2, … , 𝑦𝑖𝑟) representing the response variables, and 𝑥𝑖 representing the vector of 

length 𝑝 independent variables with corresponding 𝑝 number of coefficients 𝑏, for case 𝑖, a 

cumulative probability of the response less than or equal to category 𝑗 is 𝑃(𝑌 ≤ 𝑗) = 𝜋1 +

⋯+ 𝜋𝑗  and the cumulative logit is defined as in Equation 14 [188,191,192]. This logit 

describes the log odds of two cumulative probabilities of a response being in category 𝑗 or 

below versus in a category higher than 𝑗.  

𝐿𝑜𝑔𝑖𝑡𝑗 = log (
𝑃(𝑌 ≤ 𝑗)

𝑃(𝑌 > 𝑗)
) = log (

𝑃(𝑌 ≤ 𝑗)

1 − 𝑃(𝑌 ≤ 𝑗)
) = log (

𝜋1 + ⋯+ 𝜋𝑗

𝜋𝑗+1 + ⋯+ 𝜋𝐽

) (14) 

Then, incorporating independent variables, Equation 14 becomes [192] 

𝐿𝑜𝑔𝑖𝑡𝑗 = 𝑎𝑗 + 𝑏𝑗𝑥 

𝑤ℎ𝑒𝑟𝑒, 𝑗 = 1,… , 𝑟 − 1 
(15) 

The cumulative logit model can use all (𝑟 − 1)  logits by simplifying to make 𝑏𝑗 

identical across the (𝑟 − 1)  logit equations to become as shown in Equation 16 with 

cumulative probability as shown in Equation 17 [191,192]. This model has different (𝑟 − 1) 

intercept terms and 𝑝  number of independent variables with corresponding coefficients 𝑏 

which are the same across all logit equations with a total of (𝑟 + 𝑝 − 1) parameters to be 

estimated [191]. The intercept 𝑎𝑗 is the log odds of falling into or below category 𝑗 when all 

𝑥 = 0 and the 𝑘𝑡ℎ element of 𝑏𝑗 is the increase or decrease in log odds of falling into or 

below category 𝑗 with one unit increase or decrease in 𝑘𝑡ℎ independent variable with others 

held constant [191]. The log likelihood function of the model is as shown in Equation 18 

[192]. 

𝐿𝑗 = 𝑎𝑗 + 𝑏𝑥 

𝑤ℎ𝑒𝑟𝑒, 𝑗 = 1,… , 𝑟 − 1 
(16) 
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𝑃(𝑌 ≤ 𝑗) =
𝑒(𝑎𝑗+ 𝑏𝑥)

1 + 𝑒(𝑎𝑗+ 𝑏𝑥)
 (17) 

𝐿(𝑏) = log(∏∏𝜋
𝑖𝑗

𝑦𝑖𝑗

𝑟

𝑗=1

𝑁

𝑖=1

) = log (∏∏(𝑃(𝑌 ≤ 𝑗|𝑥𝑖) − 𝑃(𝑌 ≤ 𝑗 − 1|𝑥𝑖))
𝑦𝑖𝑗

𝑟

𝑗=1

𝑁

𝑖=1

) (18) 

𝐿(𝑏) = 𝑙𝑜𝑔 (∏ ∏ (
𝑒
(𝑎𝑗+ 𝑏𝑥𝑖)

1+𝑒
(𝑎𝑗+ 𝑏𝑥𝑖)

−
𝑒
(𝑎𝑗−1+ 𝑏𝑥𝑖)

1+𝑒
(𝑎𝑗−1+ 𝑏𝑥𝑖)

)𝑦𝑖𝑗𝑟
𝑗=1

𝑁
𝑖=1 )  

Since 𝑃(𝑌 ≤ 𝑗)  increases in 𝑗  for fixed 𝑥 , the 𝑎𝑗  increases in 𝑗  and the logit is an 

increasing function of this probability [192]. For fixed 𝑗, the response curve is a logistic 

regression curve with two outcomes, 𝑌 ≤ 𝑗  and 𝑌 > 𝑗  [192]. For 𝑗 < 𝑘 , the curve of 

𝑃(𝑌 ≤ 𝑘)  is the curve of 𝑃(𝑌 ≤ 𝑗)  translated in the 𝑥  direction by 
(𝑎𝑘−𝑎𝑗)

𝑏
 , equivalently, 

𝑃(𝑌 ≤ 𝑘 |𝑋 = 𝑥) = 𝑃(𝑌 ≤ 𝑗 |𝑋 = 𝑥 +
(𝑎𝑘−𝑎𝑗)

𝑏
)  [192]. Then the cumulative logit model 

satisfies 𝐿𝑜𝑔𝑖𝑡𝑗(𝑃(𝑌 ≤ 𝑗|𝑥1) − 𝐿𝑜𝑔𝑖𝑡𝑗(𝑃(𝑌 ≤ 𝑗|𝑥2) = 𝑏(𝑥1 − 𝑥2), meaning that the odds 

of making response ≤ 𝑗 at 𝑥 = 𝑥1 are 𝑒𝑏((𝑥1−𝑥2) times the odds at 𝑥 = 𝑥2 [192]. Due to this 

proportionality which is constant across each logit, the model is called the proportional odds 

cumulative logit model [191,192]. This model is the most popular model for ordinal data 

because the interpretation of results is simple due to the convenience that the effect of 

independent variable can be quantified by one coefficient across all response categories 

[195]. 

6.2. Artificial Neural Networks 

Traditional theoretical computing models defines step by step tasks to be performed 

based on predefined physical rules that provide clear definition of the theory of the problem 

[197]. These models are enhanced in a computer programs, called Knowledge Based Expert 
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Systems (KBES), that mimic reasoning process that relies on proved and tested belief, 

experience, opinion, rules of thumb, and logical rules [197,198]. The computing models may 

be ideal if those rules are perfectly known, however, this is not the case in many real-world 

problems. In many complex problems, rules and theory are not known or very difficult to 

discover [197]. Expert knowledge can also be difficult or impossible to explicitly model in 

terms of rules [198,199]. Even if a KBES can be developed, it is very sensitive to incomplete 

and noisy data [198,200]. The decision to use theoretical modeling, KBSE, or artificial neural 

networks (ANNs) to explain the problem phenomenon and produce solutions is based on the 

availability of theory and data [198,201]. Theoretical physical computing models can be 

applied for problems that are rich in theory and data, and KBES may be useful in problems 

with inadequate theory and data. ANNs may be a perfect tool for problems with unclear 

theory and rich data [198]. ANNs are sometimes criticized for their inability to provide 

justifications for their solutions and to extrapolate solutions for problems outside their 

training data [197]. However, in this research of requirement change propagation, there is no 

clear physical rules or theory for explanation of this complex phenomenon. It is considered 

beneficial if the possibility of applying ANNs can be explored using change data from 

multiple heterogenous case studies to empirically develop computational models in this 

research. 

ANNs are computational models based on the neural structure of the human brain 

which learns from experienced data or information [202]. This approach is perceived to be 

the next major advancement in the computing industry. Human brains store information as 

patterns, utilize those patterns, and then solve problems (for example, learn different facial 

features of different people and recognize even from different angles) [202]. As its name 
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implies, the ANNs mimic the function of biological brain neurons which convey the 

information along electrochemical pathways. A biological neuron receives inputs from 

different sources by its dendrites, process them in generally nonlinear operation by its soma, 

and as the result, outputs the final decision result by its axon as shown in Figure 39 [202]. 

ANNs attempt to simulate this operation of the brain neurons. An artificial neuron that 

receives input signals from inputs and map the output signal is called the perceptron [198]. 

In the perceptron, the inputs (𝑥)  are combined to form net input whose value (𝜉)  is 

processed in a transfer function (𝜎) and compared against a linear threshold limit or bias (𝑏) 

to decide if the neuron fires or not to map the output (𝑦 =  𝜎(𝜉)). For 𝑛 inputs, the net input 

is computed as inner dot product of input signals (𝑥) and their strengths or weights (𝑤) and 

the output (𝑦) becomes 1 if σ(ξ = ∑ 𝑤𝑖𝑥𝑖) ≥ 𝑏𝑛
𝑖=1  and 0 otherwise [198]. When additional 

layers of neurons called hidden layers are placed in between the input layer and the output 

layer to deal with nonlinear mapping, it is called multilayer perceptron [198,203]. In 

multilayer perceptrons, the unbounded net input is processed in a transfer function (e.g. 

sigmoidal function) that converts it into bounded real number to produce the output [198]. A 

three layer perceptron with feedforward information links, as shown in Figure 40, receives 

input data as independent variables in the input layer, processes the inputs through linear or 

nonlinear mathematical operation in the hidden layer, and produces the dependent variable 

or the final output [202]. Since there are many algorithms and different parameters 

adjustments to explore relationships between the input and output data, the ANNs are 

considered as a promising computational approach. 
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Figure 39: A Simple Neuron [202] 

 

Figure 40: Example Three Layer Neural Network [197] 
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Whether ANNs are the extensions of traditional statistical analyses such as 

regression or they are different is still a debatable topic in the literature [204]. In RA, the 

output dependent variable is mapped from an assumed or known linear or nonlinear function 

form that process input independent variables that are also assumed or known a priori [198]. 

Therefore, there is no guarantee that the resulting model is the best model. ANNs apply 

dynamic multivariate variable selection with corresponding weights through hidden nodes 

and nonparametric (no assumed form and distribution) complex function representing linear 

combination of large number of nonlinear functions [198]. It is known that the perceptron 

with no hidden layers with sigmoidal transfer function is similar to logistic regression [205]. 

[201,206] consider ANNs as a form of nonlinear regression while others such as [207–209] 

agree that ANNs outperform statistical regression in terms of accuracy [198]. The choice 

between ANNs and statistical methods are problem dependent. For problems with low 

dimensionality or problems that require approximations of simple functions, classical 

statistical methods are recommended to test first and for those with high dimensionality or 

nonlinearity that require approximations with higher accuracy, ANNs are recommended 

given that the tradeoff in model complexity is taken into consideration [198]. 

ANNs are believed to outperform other computational models in solving complex 

problems such as: (1) classification in which a unseen data is assigned a possible class based 

on one or more properties using supervised learning without linearity assumptions, (2) 

clustering in which clusters of similar or dissimilar data are formed based on their correlation 

using unsupervised learning, (3) function approximation in which an arbitrary function is 

explored for relationship between input and output data, especially in cases where no 

theoretical model is available, (4) forecasting in which data explaining a phenomenon at a 
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given time period is trained to predict the behavior of the phenomenon at subsequent time 

periods, (5) optimization in which complex and nonlinear mathematical optimization 

problems are solved more efficiently using ANNs, (6) association in which an ideal noise 

free data is trained to detect or reconstruct noise corrupted or missing data, and (7) controls 

in which a recurrent ANNs are used to generate required adaptive control inputs based on 

system feedback data to direct the system to perform in desired way [198]. ANNs can be 

classified into many different types based on the type of problem, the connectivity of the 

neurons, the information flow direction of the network, the type of learning algorithms, the 

learning rule, and the degree of required supervision [198]. The learning rule defines how 

the weights of the input variables are adjusted to produce solutions. There are four basic 

rules: (1) error correction learning (ECL) rule in supervised learning in which the difference 

between the solution and correct answer (error) is used to adjust the weights between training 

cycles to reduce final error, (2) Boltzman learning (BL) rule which is derived from 

thermodynamic and information theory and generate neuron outputs based on Boltzman 

statistical distribution (3) Hebbian learning (HL) rule which is the oldest rule developed 

based on neurobiological experiments to adjust weights, and (4) competitive learning (CL) 

rule in which neurons are forced to compete so that only one will be activated with all its 

weights adjusted [198,210,211].  

There are several popular ANNs that exist in the literature. [212] listed 26 types of 

ANNs and [213] listed 48 with different capabilities in solving different problem areas [198]. 

Hopfield networks are symmetric fully connected two-layer recurrent networks that are 

efficient in solving optimization problems [214]. Adaptive resonance theory (ART) networks 

consist of two fully interconnected layers trained by unsupervised learning and can be used 
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for pattern recognition, completion, and classification like Hopfield networks [198]. 

Kohonen networks are two layered self-organizing networks trained in unsupervised manner 

to form clusters within data for data compression to reduce high dimensional data into fewer 

dimension space [198,215]. Recurrent networks are networks that feed the outputs of some 

neurons back into the same neurons or into those in previous layers providing information 

flow in both forward and backward direction for dynamic memory [198,216]. 

Counterpropagation networks create a Kohonen map of input data using unsupervised 

learning and associate output vector with each point on the map using supervised learning, 

serving as a self-organizing look up table for function approximation and classification 

[198,217]. Backpropagation ANNs (BPANNs) are the most widely used feedforward 

multilayer perceptron network [198,218] for their flexibility in types of problems they can 

solve [198,210]. It consists of input, hidden, and output layers for capturing nonlinearity and 

using supervised learning with ECL rule, adjusts weights based on the error between output 

and correct solution which is computed and propagated backward from the output layer to 

the hidden layer to the input layer [198]. Radial basis function (RBF) networks are special 

case of feedforward three-layer error backpropagation networks [198,219] with the hidden 

layer with nodes called cluster centers used to cluster the inputs [198]. Unlike the usual 

sigmoidal transfer function in BPANNs, RBF like Gaussian kernel is used. RBF networks 

train faster than BPANNs, but are not as flexible [220]. The choice of the type of ANNs is 

problem dependent as presented. BPANNs are explored in this research for their popularity, 

flexibility, and adaptability to model wide range of problems in many areas [197,198]. 



 

127 

6.2.1. Backpropagation Artificial Neural Networks 

This section discusses the brief details of the popular Backpropagation Artificial 

Neural Networks (BPANNs) referenced from review papers such as [198]. More complete 

and systematic derivations and explanations can be found in such papers as [198,221–224]. 

In BPANNs, each input node in the input layer produces the input value forward to each 

hidden node. The net effect of each hidden node is calculated by the dot product of the input 

value and its corresponding connection weight which is randomly initialized. After the net 

effect at the hidden node is obtained, the activation of that node is determined by processing 

the net effect in the transfer function (e.g. sigmoidal function) to yield the output (typically 

0 and 1 or +1 and -1). This activation is the new signal value fed forward to the subsequent 

layer, that is, either next hidden layer or the output layer. The same procedure is repeated 

until the output layer nodes which produce the solution of the BPANNs that may be different 

from the actual target solution due to arbitrary random weights. This difference becomes the 

error that is propagated back from the output layer through all hidden layers to the input layer 

to adjust the connection weights. This operation is iterated to search for the error surface as 

a function of connection weights until it is minimum. 

In a multilayer perceptron network with 𝐿  layers (𝑙 ∈ {1, 2, . . . , 𝐿} ), 𝑁𝑙  number of 

nodes in the 𝑙  layer, and 𝑁𝑙−1  number of nodes in the (𝑙 − 1)  layer, there are 𝑁𝑙 ∗ 𝑁𝑙−1 

connection links with weights 𝑊 ∈ 𝑅𝑁𝑙∗𝑁𝑙−1. An arbitrarily randomized connection weight 

is denoted by 𝑊𝑗𝑖
𝑙  if the connection links from node 𝑖 of the (𝑙 − 1) layer to node 𝑗 of the 𝑙 

layer. The net effect of the node 𝑗, denoted by ξ𝑗
𝑙  is shown in Equation 19. 
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ξ𝑗
𝑙 = ∑ 𝑤𝑗𝑖

𝑙 𝑥𝑖
𝑙−1

𝑁𝑙−1

𝑖=1

 (192) 

This net effect is converted by the transfer function, σ, into a real number of bounded interval 

to determine the activation of the node, 𝑥𝑗
𝑙, shown in Equation 20 where −∞ < ξ < ∞ and 

0 < σ < 1. 

𝑥𝑗
𝑙 =  σ(ξ𝑗

𝑙 ) = σ(∑ 𝑤𝑗𝑖
𝑙 𝑥𝑖

𝑙−1

𝑁𝑙−1

𝑖=1

) (20) 

The transfer function may be the popular commonly used continuous sigmoid as shown 

below.  

σ(ξ) =
1

1 + 𝑒−ξ
 (21) 

This operation is repeated for every node at every layer for the iteration 𝑡. In any layer, the 

weight, 𝑤𝑗𝑖
𝑙 , at iteration 𝑡, as shown in Equation 22, is updated from previous iteration (𝑡 −

1) below where ∆𝑤𝑗𝑖
𝑙 , as shown in Equation 23, is the incremental or decremental change in 

the weight determined by the modified delta rule where 𝜂 is the learning rate which controls 

the step size and 𝜇 is the momentum coefficient, and 𝑥𝑖
𝑙−1 is the input from the (𝑙 − 1)𝑡ℎ 

layer [198,221]. 

𝑤𝑗𝑖
𝑙 (𝑡) = 𝑤𝑗𝑖

𝑙 (𝑡 − 1) + ∆𝑤𝑗𝑖
𝑙 (𝑡) (22) 

∆𝑤𝑗𝑖
𝑙 = 𝜂𝛿𝑗

𝑙𝑥𝑖
𝑙−1 + 𝜇∆𝑤𝑗𝑖

𝑙(𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠)
 (23) 

The momentum term directs the error surface search to the global minimum by adding a 

portion of previous magnitude and direction of the weight to the current updating step. This 

equation can be applied, for an imaginary neuron with activation fixed at 1, to any neuron 

threshold (bias) which can be assumed as a link whose weight is equal to the threshold value 
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[198]. For an interlayer 𝑙 , the weight change can also be determined by the generalized 

gradient descent as shown in Equation 24. 

∆𝑤𝑗𝑖
𝑙 = −𝑘(

𝜕ξ𝑙

𝜕𝑤𝑗𝑖
𝑙 ) (24) 

For a sigmoid function, if the neuron is in the output layer or in the hidden layer, 𝛿𝑗
𝐿 can be 

determined from equations below respectively where 𝛿𝑘
𝑙+1  is for non-output layer 𝑙 

beginning from (𝑙 + 1) layer and moving down by layers. For the last hidden layer, 𝛿𝑗
𝑙 is 

calculated using 𝛿𝑘
𝑙+1 (𝑜𝑟 𝛿𝑗

𝐿) of the output layer. If different transfer function is used, the 

terms in these equations are replaced with relevant first derivative of the functions. This 

technique of propagating the error backward from the output layer through hidden layers is 

called the backpropagation of error with modified delta rule as shown in Equation 25 and 

Equation 26 [198,218]. 

𝛿𝑗
𝐿 = (𝑥𝑗

𝐿 − 𝑦𝑗)𝑥𝑗
𝐿(1 − 𝑥𝑗

𝐿) (25) 

𝛿𝑗
𝑙 = 𝑥𝑗

𝑙(1 − 𝑥𝑗
𝑙)(∑ 𝛿𝑘

𝑙+1

𝑟

𝑘=1

𝑤𝑘𝑗
𝑙+1) (26) 

6.2.2. Parameters of Backpropagation Artificial Neural Networks 

There are several factors or design parameters influencing the architecture of the 

BPANNs. Varying their combinations can result in different performance results of the 

BPANNs. Therefore, it is of ultimate importance to put significant effort into considering 

these parameters. 

Data preprocessing: The data to be analyzed should be preprocessed by removal of outliers 

and noise, reduction of input dimensionality, and transformation of data, etc. [198]. The 
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outliers and noise should be inspected and removed. The input dimensions should be reduced 

using dimensional reduction methods. The data may contain input values of large and small 

ranges. To prevent large values from influencing over small values and to prevent premature 

saturation of hidden nodes, the data should be scaled or normalized using linear or nonlinear 

scaling based on distribution of the data. [208,225] indicated that no better solutions may be 

obtained by other methods than using linear normalization within specific interval [𝜆1, 𝜆2] 

as shown in Equation 27 and logarithm transformation may be used for exceptionally large 

values [198]. In classification problems, the data should also be balanced by removing 

overrepresented examples, adding underrepresented examples, duplicating both 

overrepresented and underrepresented examples, and adding random noise [198]. 

𝑥𝑖 = λ1 + (λ2 − λ1)(
𝑧𝑖 − 𝑧𝑖

𝑚𝑖𝑛

𝑧𝑖
𝑚𝑎𝑥 − 𝑧𝑖

𝑚𝑖𝑛
) (27) 

Data partitioning: There is no generalized rules for partitioning of the data for training, 

testing, and validation [197]. If the size of training data is too small, the ANNs will not be 

able to fully explain the problem at hand, and if the size of testing data is small, the ANNs 

will have a poor performance in generalizing the unseen data [198]. Some of the remedies 

for small data sets include acquiring more data or injecting random noise and some thumb 

rules exists for adequate data sets [198]. [226] suggests 65% data for training, 25% data for 

testing, 10% data for validation, and [225] proposes 20% for testing. [224,227] and [208] 

suggest the number of examples or data points to the number of weights ratio greater than 

10 and 4 respectively. Leave-one-out method (or leave-k-out) in which the network is trained 

on 𝑀 − 1  (𝑜𝑟 𝑀 − 𝑘 ) examples or data points and tested on the one (𝑜𝑟 𝑘)  unused data 
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points may also be utilized with new random initial weights for 𝑀 times and the 𝑀 network 

solutions can be averaged to get the final solution [203]. 

Input/output representation: The input and output data may be continuous, discrete, or a 

mixture of both. Binary numbers 0 and 1 may be used for simple binary discrete values and 

combinations of binary numbers may be used for leveled or hierarchical categorical values 

(e.g. for four levels or categories, two binary number combinations 00, 01, 10, 11 or four 

binary number combinations 0001, 0010, 0100, 1000, also called one hot encoding). 

Continuous data are also recommended to be partitioned into a number of intervals using 

binary coding scheme [198,200]. 

Weight initialization: The weight initialization is the assignment of initial values for 

interconnection weights. Some of the recommendations are (−0.3,+0.3)  by [228], 

(−𝑟/𝑁𝑗, + 𝑟/𝑁𝑗) where 𝑟 is based on activation function and 𝑁𝑗 is the number of incoming 

connections to neuron 𝑗 by [224], and [−3𝑀 − 0.5,+3𝑀 − 0.5] where 𝑀 is the number of 

weights in given layer by [229]. Some studies such as [230,231] indicated that it can affect 

network convergence and others such as [232] showed that weight initialization has 

insignificant effect on both network convergence and architecture. An extremely small range 

of weights may lead to small error gradients resulting in slow initial learning [198].  

Transfer functions: Different ANNs use different activation and transfer functions. As 

described in [233], there are different activation functions determining the net effect of state 

of the node (based on dot products and distance measures of inputs and weights) and transfer 

functions determining the output of the node based on the activation (linear, step, ramp, 
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sigmoidal, gaussian). The advantage of choosing a particular function over others is not yet 

well understood in the literature [198,210]. 

Training modes: All the training examples or data points are presented to the network in 

either of the two modes. The first mode is example-by-example training (EET) and the 

second is batch training (BT) [197,221,234]. In EET, the weights are updated right after each 

example is presented to the network and the error is calculated [197]. The advantages of the 

EET include smaller storage requirement for the weight values and better search to prevent 

entrapment in local minimum [221]. The disadvantage of EET is the possibility of the search 

in the wrong direction forced by a first very bad example or data point [198]. In BT, all the 

training examples are presented to the network to complete the first iteration learning cycle. 

The error is averaged over all examples to be backpropagated to adjust the weights and the 

next iteration cycle continues [197]. The advantages of BT include more accurate estimate 

of error gradient for weight changes and less frequent weight updates [197,198]. The 

disadvantages include larger storage requirements for weights and the likelihood to be 

trapped in a local minimum [198,221]. The training is suggested to start with BT and if the 

testing is not satisfactory, EET should be tested [197]. The training mode is also suggested 

to be in randomized order between training iteration cycles for better search [217]. The 

choice and effectiveness of the training modes is problem specific [224,225]. 

Convergence criteria: There are several criteria for network training convergence in the 

literature. The training may be stopped (i) when the training error value or the training error 

gradient value becomes less than or equal to predetermined value (ii) by cross-validation 

with the testing error [197,198]. Other methods include information theory based methods 
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[225] and 𝑅2 value representing the agreement of the predicted and target outputs [198]. The 

most common stopping criterion is the sum of squared error (SSE) which is calculated as 

shown in Equation 28 where 𝑂𝑝𝑖 and 𝑡𝑝𝑖 are actual and target values of 𝑖𝑡ℎ output node on 

the 𝑝𝑡ℎ example, 𝑁 is the number of training examples, and 𝑀 is the number of output nodes 

[198]. 

𝑆𝑆𝐸 =  
1

𝑁
∑ ∑(𝑡𝑝𝑖 − 𝑂𝑝𝑖)

2
𝑀

𝑖=1

𝑁

𝑝=1

 (28) 

The training error generally decreases with increasing number of hidden nodes or training 

iteration cycles as shown in Figure 41. The first amount of error decrease is due to the 

learning process and subsequent slow error decrease may be due to network memorization 

resulting from the large number of increasing iteration cycles or due to network overfitting 

resulting from the large number of hidden nodes [198]. The testing error’s gradual fall can 

be monitored during training. The final optimal network is obtained when the testing error 

does not fall anymore or start to rise. For classification problems for discrete value outputs, 

the convergence criteria should be based on confusion matrix based measures rather than 

absolute error deviations [198]. 
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Figure 41: Optimum ANNs Convergence [198] 

Number of training cycles: The number of training cycles called epochs for good 

generalization can be determined by trial and error process monitoring the training and test 

error. The testing error can decrease with the number of epochs until the point where it starts 

to rise again losing generalization ability representing the optimal number of epochs [198]. 

If the number of training cycles is small, the network will not learn adequately and if the 

network trains very long, it can become just a look up table due to good recalling or 

memorization [221,234]. 

Number of hidden layers and hidden nodes: It has been suggested that one hidden layer 

with sufficient number of nodes can model continuous functions [197,203,235] and two 

layers may be required for discontinuous functions [208]. If the number of hidden nodes are 

very small, the network will underfit incapable of learning complex relationships of the data 

and if it is very large, the network will overfit even following the noisy data leading to poor 

generalization to predict the unseen data [197,198]. Some studies such as [203,208,236] 
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relate the number of hidden nodes to the number of nodes in input and output layers as thumb 

rules. Studies such as [237] also reviewed 101 different ways developed in the past 20 years 

to set the number of hidden nodes. These rules are dependent on problems, data sets, and 

network types. They do not produce good generalization outside of training domain, 

especially when introduced to complex and highly nonlinear problems [198]. The most 

popular approach is to determine the number of hidden nodes by trial and error starting with 

small number of hidden nodes monitoring the training and testing error [197]. Constructive 

or pruning methods are more sophisticated techniques for optimization of hidden layers and 

hidden nodes [198,238]. 

Learning rate (𝛈): A small learning rate 𝜂 may slowly lead to global minimum, but a high 

value accelerates the training by changing the weights in large step from one cycle to another 

causing the search to oscillate on the error surface leading to non-convergence and increased 

risk of overshooting a near optimal weight vector [198]. Therefore, a constant or adaptable 

rate may be utilized. Some recommendations for 𝜂 include 0.1 − 10 [234], 0.3 − 0.6 [221], 

0 − 1 [200]. 

Momentum coefficient (𝛍 ): To help the search in escaping the local minimum, the 

momentum coefficient 𝜇  accelerates the updating of weights when the learning rate 𝜂  is 

reduced to avoid oscillation [198]. A small value can lead to slow training and a large value 

𝜇  will decrease the network chances of being stuck in local minimum but increase the 

overshooting and instability risk similar to 𝜂  [239]. A constant and adaptable values in 

relations to 𝜂  are recommended. Some recommendations include 0.4 − 0.9  [234], 0 − 1 

[200], ≈ 1 [239], 𝜇 + 𝜂 = 1 [221], and (𝜇 = 0.9, 𝜂 = 0.25) [225]. 
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6.3. Evaluation Measures and Comparisons: Regression 

Analysis and Artificial Neural Networks 

There are many evaluation measures developed in the literature for prediction 

performance of computational methods. It is critical in this research to compare the explored 

computational methods using reliable measures to gauge their performance so that high 

performing methods can be selected for determining requirement change volatility classes. 

This section presents possible evaluation measures for RA and ANNs and their performance 

comparisons found in the literature. The most common and widely used evaluation measures 

for classification computational models are derived from a confusion matrix, also called 

contingency table as shown in Table 20. This matrix is based on the number of correctly 

predicted data points indicated by true positives (TP) and true negatives (TN) and the number 

of incorrectly predicted data points indicated by false negatives (FN) and false positives (FP) 

[240]. Most prediction models predict the class or label in terms of a numerical value of 

probability that exceeds a predefined threshold cut off value [241]. Based on this cut off 

value, the number of false predictions varies as shown in Figure 42 [242]. Using the resulting 

number of true/false positive/negative predictions, the evaluation measures are calculated. It 

is important to note that a single measure cannot capture all the information from the 

contingency matrix [242]. Therefore, many studies make use of combination of different 

measures based on the problem. In the prediction of categorical data, there are two common 

groups of measures, discrimination and calibration. 
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Table 20: Confusion Matrix [240] 

 Observed  

Positive Negative 

P
re

d
ic

te
d

 

Positive True Positive 

TP 

False Positive 

FP 

TP

TP + FP
 

Positive Predictive 

Value (PPV) or 

Precision 

FP

TP + FP
 

= 1 − PPV 

False Discovery Rate 

(FDR) 

Negative False 

Negative 

FN 

True Negative 

TN 

TN

FN + TN
 

Negative Predictive 

Value (NPV) 

FN

FN + TN
 

= 1 − NPV 

False Omission Rate 

(FOR) 

 TP

TP + FN
 

True Positive 

Rate (TPR) or 

Recall or 

Sensitivity 

TN

FP + TN
 

True Negative 

Rate (TNR) or 

Specificity 

TP + TN

TP + FP + FN + TN
 

Accuracy 

 

2 ∗ (Precision ∗ Recall)

Precision + Recall
 

F1 score 

FN

TP + FN
 

= 1
− sensitivity 

False Negative 

Rate (FNR) 

FP

FP + TN
 

= 1
− specificity 

False Positive 

Rate (FPR) 

FP + FN

TP + FP + FN + TN
 

Error 

 

 

 

 

Figure 42: Separation of Predictions [242] 
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Discrimination measures evaluates the ability of the model to distinguish between 

data points with and without the presence of the outcome [243–245]. The most common 

discrimination measures include positive predictive value (PPV) or precision, true positive 

rate (TPR) or recall or sensitivity, accuracy, F1 score, receiver operating characteristic (ROC) 

curve, and area under ROC curve (AUC). PPV or precision is defined as the ratio of TP and 

total positive predictions. TPR or recall or sensitivity is defined as the ratio of TP and total 

positive observations. Specificity is defined as the ratio of TN and total negative 

observations. Accuracy is defined as the ratio of correct predictions and total predictions. F1 

score is defined as the harmonic mean of precision and recall with its best value at 1 and 

worst value at 0. ROC curve serves a visualization tool for prediction performance. It 

indicates the tradeoffs between sensitivity and specificity and is obtained by plotting 

sensitivity on the Y axis and false positive rate (FPR) which equals to one minus specificity 

on the X axis [242]. The data is first ranked based on the prediction probability and then 

divided into intervals of equal size with the upper bound size of the intervals being the 

number of data points [242]. Figure 43 shows the example ROC curves modified from [242]. 

The perfect prediction model’s ROC curve is the one with all the true positives on the first 

half of the ranked list and rises to the point (0,1) and goes right with all the true negatives. 

The random prediction model will result in diagonal line with mixed true and false 

predictions. Curves below the diagonal means the model is not useful and curves that run 

higher than the diagonal represent better models. AUC represents the estimation of the 

probability of ranking a random chosen positive data point higher than a random chosen 

negative point and is used as a measure for goodness of predictions [242]. AUC value of 0.5 

means the model is random and 1 indicated the perfect model. Depending on the shape of 
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the crossing ROC curves, models can have similar AUC values and no useful information 

can be drawn about the models, reinforcing that a single measure cannot be used to evaluate 

the models. 

 

Figure 43: ROC Analysis 

Calibration refers to the agreement between the predicted probabilities and observed 

outcomes [243,246]. The calibration curve can be assessed using a graphical plot of 

predictions on the X axis and the outcome on the Y axis [246]. The ideal case is a 45-degree 

line with slope 1 and intercept 0 [246]. For continuous linear regression, the calibration curve 

is simply a scatter plot and for binary outcomes, Y axis only contains values of 0 and 1 and 

smoothing techniques such as Loess smoothing can be used to plot the observed outcomes 

to the predicted probabilities [243]. Another commonly used measure is Hosmer-Lemeshow 

goodness of fit (or 𝐻𝐿 statistics) [243,245,247]. It compares the mean predicted probability 

to the mean observed outcomes of groups of data. The data is grouped based on two possible 

grouping schemes: (1) based on percentiles of predicted probabilities (2) based on fixed cut 

off values of predicted probabilities [188]. For either grouping with the number of groups 𝑔, 
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𝐻𝐿 statistics is calculated by the Pearson’s chi-squared statistic from the two times 𝑔 tables 

of observed and predicted probabilities and follows chi-squared distribution with degrees of 

freedom that is equal to two less than the number of groups (𝑔 − 2) [188]. The smaller the 

value, the better the fit with perfect calibration having a value of 0 [245]. The chi-squared 

statistic is calculated as follows based on the observed and expected values of prediction 

frequencies. 

𝑋2 = ∑
(𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 − 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑)2

𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑
 (29) 

Both RA and ANNs have their own strengths and weaknesses in different 

applications. Regression is a parametric method whereas ANNs is regarded as semi-

parametric or non-parametric, implying that the contribution of variables coefficients and 

intercepts in regression are more easily interpretable and calculated than variables weights 

in ANNs [248]. In regression, the relationships between the independent input and dependent 

output variables as linear combinations of variables need to be specified while ANNs can 

capture all possible complex nonlinear relationship between variables [205,245]. In 

regression, it is difficult to implement all possible interactions between variables whereas 

ANNs can identify the correlations between independent variables through hidden nodes as 

the larger the number of independent variables, the more probable interactions exist 

[205,245]. Variable selection has to be performed for modeling flexibility in regression 

whereas ANNs is more flexible dealing in dealing with large number of variables with noisy 

or incomplete data [205,245]. These flexibilities of ANNs sometimes make it more 

vulnerable to overfitting the problem. In regression, it is possible to identify and test the 

significance of important variables, but in ANNs, it is difficult to obtain important variables 
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because it is sometimes impractical to select optimal parameters for best performing 

network. 

Although there exist different ANNs as presented in section 6.2 and RA models that 

handle categorical output data as presented in section 6.1, most comparisons found in the 

literature are performed for logistic regression and BPANNs. Many comparison studies 

found in the literature by the author are from medical community and finance. [245] 

compared logistic regression and BPANNs in prediction of mortality in head trauma based 

on initial clinical data by using accuracy rate, area under ROC curves (AUC) as 

discrimination measure, HL statistics as calibration measure, and paired T-tests. It was found 

that BPANNs outperformed logistic regression in discrimination and calibration, but not in 

accuracy. [249] used 1000 pairs of logistic regression and BPANNs models in prediction of 

in-hospital mortality rate after primary liver cancer surgery using accuracy rate, area under 

ROC curves (AUC), HL statistics, and paired T-tests, and BPANNs were found to perform 

better than logistic regression in all measures. [250] found that there were no significant 

differences in performance of logistic regression and ANNs with adaptive genetic algorithm 

in prediction of mortality rate of patients within first 28 days of admission with suspected 

sepsis in emergency room using area under ROC curves (AUC) and HL statistics. [205] 

compared logistic regression and BPANNs in prediction of credit rationing (CR) decision 

using accuracy, the ROC curve, and area under ROC curve (AUC) and found that logistic 

regression outperformed BPANNs. Based on the results, the suggested methodology for 

design of logistic regression and BPANNs was recommended and stated that logistic 

regression was preferred due to low complexity of CR tasks and variables. Maher and Sen 

achieved higher predictive ability with BPANNs using bond rating data [251]. BPANNs were 
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affirmed to be better in predicting business failures for lodging firms respectively in [252]. 

[253] concluded that the difference between performance of logistic regression and BPANNs 

is not significant in credit scoring. A review on 28 studies in [254] showed that BPANNs 

outperformed in ten cases, logistic regression outperformed in four cases, and similar 

performance in the rest of the cases. [248] performed a methodology review on logistic 

regression and ANNs using 72 biomedicine research papers to find out that there is no single 

method that perform better than all other methods on any given data set and application. It 

is also recommended that the performances of other machine learning algorithms such as 

support vector machines, k-nearest neighbors, and decision trees should be explored [248]. 

It is obvious that there is no evidence in the reviewed literature proving one method to be 

better than the other. 

6.4. Multilabel Learning Methods 

Multilabel learning is a supervised learning that tackles many problems in real world 

applications such as gene classification, medical diagnosis, document classifications, music 

and video annotation, image recognition, text categorization, and so on [255]. In multilabel 

learning, the task of learning is a mapping from each data point, 𝑥 ∈ 𝑋, to a set of labels 𝑦 ⊆

𝐿 [241,256]. The labels are not assumed to be mutually exclusive, that is, multiple labels 

may be associated with a single data point, meaning that a data point can be a member of 

more than one class. There are two types of tasks in multilabel learning: multilabel 

classification and multilabel ranking. In the task of multilabel classification, the goal is to 

develop a predictive model which provides a list of relevant labels for a given unseen data 
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point. The goal in the task of multilabel ranking is to develop a model which provides a list 

of preferences, that is, a ranking, of the labels from a set of possible labels for a given unseen 

data point. The task of multilabel learning is defined in [241] as: 

Given: 

• An example data space 𝑋  that consists of data types (boolean, discrete, or 

continuous), ∀𝑥𝑖 ∈ 𝑋, 𝑥𝑖 = (𝑥𝑖1, 𝑥𝑖2, . . . , 𝑥𝑖𝐷), where 𝐷 is the size of the number of 

input variables or attributes.  

• A label space 𝐿 = {λ1, λ2, . . . , λ𝑄} with 𝑄 discrete variables with values 0 or 1. 

• A set of data points 𝐸 , 𝐸 = {(𝑥𝑖, 𝑦𝑖)|𝑥𝑖 ∈ 𝑋, 𝑦𝑖 ∈ 𝐿, 1 ≤ 𝑖 ≤ 𝑁} , where 𝑁  is the 

number of data points of 𝐸(𝑁 = |𝐸|). 

• A quality criterion 𝑞  rewarding models with high predictive accuracy and low 

complexity. 

• If the task is multilabel classification, the goal is to find a function ℎ: 𝑋 → 2𝐿 such 

that ℎ maximizes 𝑞.  

• If the task is multilabel ranking, the goal is to find a function: 𝑓: 𝑋 𝑥 𝐿 → 𝑅 such that 

𝑓 maximizes 𝑞, where 𝑅 is the ranking of the labels for a given data point. 

Table 21 shows an example multilabel data. In this research, the label space of 

requirement 𝑖 will be 𝐿 = {λ1𝑖, λ2𝑖, . . . , λ𝑄𝑖} with 𝑄 = 4 for four volatility classes, meaning 

{λ1𝑖, λ2𝑖, λ3𝑖, λ4𝑖 } = {𝑀𝑖, 𝐴𝑖 , 𝑇𝑖, 𝑅𝑖} with discrete values 0 or 1 indicating if a requirement 

belongs to a volatility class or not. If each volatility class metric is partitioned at multiple 

intervals to represent different severity levels as presented in section 4.2.3, there will be four 

times the number of levels. For example, if each volatility class metric is divided into three 
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levels, low, medium, and high, there will be total twelve labels in the label space. The 

example input space will be ∀𝑥𝑖 ∈ 𝑋, with input variable vector 𝑥𝑖 = (𝑥𝑖1, 𝑥𝑖2, . . . , 𝑥𝑖𝐷) for 

requirement 𝑖 with 𝐷 complex network metrics. 

Table 21: Example Multilabel Dataset  

Example D Input variables Q Output labels 

1 𝑥1 = (𝑥11, 𝑥12, . . . , 𝑥1𝐷) {λ1, λ4} 

2 𝑥2 = (𝑥21, 𝑥22, . . . , 𝑥2𝐷) {λ3, λ4} 

3 𝑥3 = (𝑥31, 𝑥32, . . . , 𝑥3𝐷) {λ1} 

… … … 

m 𝑥𝑚 = (𝑥𝑚1 , 𝑥𝑚2, . . . , 𝑥𝑚𝐷) {λ2, λ3} 

Tsoumakas and Katakis overviewed and summarized multilabel learning methods 

into two categories: Problem Transformation Methods (PTMs) and Algorithm Adaptation 

Methods (AAMs) [241,256]. [241,257] also categorized methods called Ensemble Methods 

(EMs). PTMs are the algorithm independent multilabel learning methods that transform the 

multilabel learning problem into one or more single label learning problems on which a 

variety of single label classification algorithms (learners or classifiers) can be applied 

[256,257]. AAMs are the multilabel learning methods that adapt, extend, and customize 

existing classification algorithms (learners or classifiers) to directly perform multilabel 

classification on multilabel datasets [241,256,257]. EMs are the multilabel learning methods 

developed on top of PTMs and AAMs, which can be divided into EMs of PTMs and EMs of 

AAMs [241]. PTMs and their EMs are presented in section 6.4.2, and AAMs and their EMs 

are presented in section 6.4.3.  

It is important to note that the presented methods are not intended to be detailed, but 

rather introductory and explanatory, due to their widespread employment in the literature 
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based on the author’s review. More detailed survey of most multilabel learning methods 

under each category can be found in review papers such as [257]. However, before directly 

introducing these methods, it is necessary to first introduce in the following section the 

machine learning algorithms commonly employed by multilabel learning methods and the 

notion of Ensemble Learning (EL). 

6.4.1. Machine Learning Algorithms and Ensemble Learning 

In machine learning, induction is an inference principle that obtain general 

conclusions from a set of examples and one of its main approaches is supervised learning 

[258]. In supervised learning, the problem is modeled using example data sets that contains 

input and desired output [259]. Machine learning algorithms are designed to extract 

knowledge conclusions from this problem containing input-output pairs and hypothesize or 

predict correct output for new inputs in a process called training [258]. Here, the machine 

learning algorithms or classifiers that are the most common and widely used as classification 

techniques to predict categorical outputs of new inputs are discussed. These algorithms 

themselves or their variants are found being employed by multilabel classification methods 

in the literature.  

Decision Trees (DT): Decision trees (DT) are recursive hierarchical decompositions of data 

space composed of nodes and branches based on the values of the input variables [258,260]. 

Each node represents a test for an input of the data point, each branch represents a value of 

that input the node can assume, and each leaf node represent a possible output [258,261]. 

The top-down tree construction starts at the root node where the input that best divides the 
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data space based on input or feature selection measures such as Information Gain, Rain 

Ratio, and Gini Index [262,263]. A majority of studies concluded that there is no single best 

measure [263]. This partitioning continues until a terminal lead node where data points are 

classified an output is reached [264,265]. A new data point is classified by following a path 

from the root node through the nodes and branches until the leaf node where it is assigned 

an output [260]. An example decision tree that decides the loan application result as an output 

based on the inputs such as the applicant’s income, years in job, criminal record, and credit 

payment is shown in Figure 44. If the input variable or feature is numeric, a threshold value 

is used at the node to choose the split and discrete input variables have by default one 

outcome for each value [266]. Decision trees tend to perform well with discrete or categorical 

input variables [263]. DT can handle problems with binary or multi outputs [260], but may 

be not robust to data points with high input dimension [258]. DT are univariate since they 

split at nodes based on single input variable, however there are a few developed methods for 

multivariate trees such as [267] which constructs binary features with logical operators and 

[268] which combined a decision tree with a linear discriminant for multivariate decision 

splits [263]. 
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Figure 44: Example Decision Tree [269] 

Naïve Bayes (NB): Naïve Bayes (NB), also called idiot’s Bayes, simple Bayes, and 

independence Bayes, is a statistical classifier based upon the principle of Maximum A 

Posteriori (MAP) using Bayes theorem for conditional probabilities or posterior probabilities 

to predict class or label membership probabilities [260,265,266,270]. Given a classification 

problem containing data points with 𝐾  labels or outputs {𝐶1, . . . , 𝐶𝐾} , 𝑁  inputs 𝑥 =

(𝑥1, . . . , 𝑥𝑁), and prior probabilities 𝑃(𝐶1), . . . , 𝑃(𝐶𝐾) , the goal is to choose the label output 

with the maximum a posteriori probability given the observed inputs, that is, the class 𝑐 =

𝑎𝑟𝑔𝑚𝑎𝑥𝑐𝑃(𝐶 = 𝑐||𝑥1, . . . , 𝑥𝑁) . Using Bayes theorem, this a posteriori probability is 

formulated as Equation 30 below. 

𝑃(𝐶 = 𝑐||𝑥1, . . . , 𝑥𝑁) =
𝑃(𝐶 = 𝑐) 𝑃(𝑥1, . . . , 𝑥𝑁||𝐶 = 𝑐)

𝑃(𝑥1, . . . , 𝑥𝑁)
 (30) 

where 𝑃(𝐶 = 𝑐)  is the prior probability of class label, 𝑃(𝑥1, . . . , 𝑥𝑁||𝐶 = 𝑐)  is the 

likelihoods or probability of inputs given the class label, and 𝑃(𝑥1, . . . , 𝑥𝑁)  is the prior 
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probabilities of inputs [260]. The denominator is the normalizing factor same for all class 

labels and can be ignored as it does not depend on the class label [260,266]. Taking the 

dependencies between inputs, computing the key term, 𝑃(𝑥1, . . . , 𝑥𝑁||𝐶 = 𝑐), the conditional 

probabilities of the inputs given the class label, requires additional simplifying assumptions 

because its size becomes exponential when the number of input is high and it requires a 

complete training set to contain several data points for each possible data point [260,266]. 

Therefore, the NB assumes no interactions between inputs given the same class (𝑥1, . . . , 𝑥𝑁 

are independent given the class label) [260,266]. This means that the conditional probability 

of an input given a class label as shown in Equation 31 is assumed to be independent from 

the conditional probabilities of other inputs given that class label, and this assumption is 

called Naïve Bayes assumption [266,270]: 

𝑃(𝑥1, . . . , 𝑥𝑁||𝐶 = 𝑐) = ∏𝑃(𝑥𝑖||𝐶 = 𝑐)

𝑁

𝑖=1

 (31) 

A Bayesian classifier using this assumption is known as Naïve Bayes (NB) classifier. Despite 

this simplifying assumption, it can be extended to problems with more than two class labels 

[260] and is proven to perform well in such studies as [271] in which it is compared to other 

algorithms for decision trees, instance-based learning, and rule induction on benchmark data 

sets [263]. A major advantage of a NB is short computation time [263], and it is easy to 

interpret without needing skilled users and easy to construct without needing any parameter 

estimations [266]. It is often used when the input dimensional space is high [272]. NB has 

been proven very useful in many complex applications such as text mining [258,273]. 

Support Vector Machines (SVM): Support Vector Machines (SVM), first introduced by 

Vapnik [266,274], are typically used for learning classification, regression, or ranking [275]. 
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SVM are based on statistical learning theory and structural risk minimization principle and 

considered a good classifier because of its high generalization performance without a need 

for a priori knowledge, even when the input space dimension is high [266,275]. SVM aim to 

find the location of decision boundary called a hyperplane that is able to optimally separate 

the margin between classes [275]. In linearly separable data as shown in Figure 45, the 

optimum hyperplane that maximizes the margin of separation between classes is found first 

and the solution is presented as linear combination of data points, known as support vector 

points, that lie on its margin [263]. In the case of nonlinear separation as shown in Figure 

46, the input data is mapped into higher dimensional space using kernel functions and a 

separating hyperplane is defined there to perform linear separation which corresponds to 

nonlinear separation in the original input space [263].  

 

Figure 45: A Linear Support Vector Machine [263] 
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Figure 46: A Nonlinear Support Vector Machine [276] 

The overview of SVM described here is referenced from [277]. In simple linear 

form, SVM is a decision boundary hyperplane that separates a set of positive data points 

from negative ones with maximum margin. The margin is the distance between the 

hyperplane and the nearest positive and negative data points on the side of the hyperplane. 

The output SVM formula is as shown in Equation 32 where 𝑤 is the normal vector to the 

hyperplane, 𝑥 is the input data vector, and 𝑏 is the bias or threshold term. 

𝑢 = 𝑤. 𝑥 − 𝑏 (32) 

The hyperplane lies at 𝑢 = 0 and the nearest points lie on the planes 𝑢 = ±1. The margin is 

therefore as shown in Equation 33. 

𝑚 =
1

||𝑤||2
 (33) 

The following optimization problem in Equation 34 represents the maximization of the 

margin where 𝑥𝑖 is the 𝑖𝑡ℎ training input and 𝑦𝑖 is the correct output of the SVM of that input. 

𝑚𝑖𝑛
𝑤,𝑏

1

2
||𝑤||

2
 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦𝑖(𝑤𝑥𝑖 − 𝑏) ≥ 1. ∀ 𝑖 
(34) 
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The value 𝑦𝑖 is +1 for positive data points and -1 for negative data points. This optimization 

problem can be converted, using a Lagrangian, into dual form quadratic programming 

problem where the objective function ɸ is dependently only on a set of Lagrange multipliers 

α𝑖 as shown in Equation 35 where 𝑁 is the number of training data points. 

min
∞

ɸ(α) = min
∞

1

2
∑∑𝑦𝑖𝑦𝑗(𝑥𝑖𝑥𝑗)α𝑖α𝑗

𝑁

𝑗=1

− ∑α𝑖

𝑁

𝑖=1

𝑁

𝑖=1

 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 α𝑖 ≥ 0. ∀ i,∑𝑦𝑖α𝑖

𝑁

𝑖=1

= 0 

(35) 

Once the Langrange multipliers are determined, the normal vector 𝑤 and the threshold 𝑏 can 

be derived as follows in Equation 36. 

𝑤 = ∑𝑦𝑖α𝑖

𝑁

𝑖=1

𝑥𝑖 , 𝑏 = 𝑤. 𝑥𝑘 − 𝑦𝑘  𝑓𝑜𝑟 𝑠𝑜𝑚𝑒 α𝑘 > 0 (36) 

In cases of nonlinearity, there may be no hyperplane that can separate the data points and 

using the above formulation would correspond to an infinite solution. [278] modified the 

original problem to penalize the data points failing to lie in the correct margin as shown in 

Equation 37 where 𝜉𝑖 are slack variables allowing margin failure and 𝐶 is a parameter that 

trades off wide margin with small number of margin failures. 

min
𝑤,𝑏

1

2
||𝑤||

2
+ 𝐶 ∑𝜉𝑖

𝑁

𝑖=1

 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦𝑖(𝑤𝑥𝑖 − 𝑏) ≥ 1 − 𝜉𝑖 . ∀ i 

(37) 

This new problem is transformed into the dual form with changed constraint as follows: 

min
∞

ɸ(α) = min
∞

1

2
∑∑𝑦𝑖𝑦𝑗(𝑥𝑖𝑥𝑗)α𝑖α𝑗

𝑁

𝑗=1

− ∑α𝑖

𝑁

𝑖=1

𝑁

𝑖=1

 (38) 
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𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝐶 ≥ 𝛼𝑖 ≥ 0. ∀ 𝑖,∑𝑦𝑖𝛼𝑖

𝑁

𝑖=1

= 0 

When generalized to nonlinear classifiers, SVM output is computed from the Lagrange 

multipliers as shown in Equation 39 where 𝐾 is the kernel function measuring the similarity 

or the distance between input vector 𝑥  and the stored training vector, and defined as 

𝐾(𝑥𝑖, 𝑥𝑗) = Ѱ(𝑥𝑖). Ѱ(𝑥𝑗) , where Ѱ: 𝑥 → 𝐻  is the transformation function of input vector 

into higher dimensional Hilbert space, 𝐻 [279]. 

𝑢 = ∑𝑦𝑖α𝑖

𝑁

𝑖=1

𝐾(𝑥𝑗 , 𝑥) − 𝑏 (39) 

𝐾 can be linear, polynomial, radial basis, or sigmoid functions. A range of potential settings 

of kernel functions and function parameters can be estimated through cross-validating over 

the training set [263]. The Lagrange multipliers α𝑖 are computed in quadratic program as 

shown below.  

𝑚𝑖𝑛
∞

ɸ(𝛼) = 𝑚𝑖𝑛
∞

1

2
∑∑𝑦𝑖𝑦𝑗𝐾(𝑥𝑖 , 𝑥𝑗)𝛼𝑖𝛼𝑗

𝑁

𝑗=1

− ∑𝛼𝑖

𝑁

𝑖=1

𝑁

𝑖=1

 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝐶 ≥ 𝛼𝑖 ≥ 0. ∀ 𝑖,∑𝑦𝑖𝛼𝑖

𝑁

𝑖=1

= 0 

(40) 

The quadratic programming problem shown above in Equation 40 is positive definite and 

therefore the kernel function 𝐾  obeys Mercer’s conditions [280,281]. The Karush-Kuhn-

Tucker (KKT) conditions are necessary and sufficient conditions for the optimal point of a 

positive definite quadratic programming problem. The KKT conditions for solving this 

problem are, for all 𝑖: 

𝛼𝑖 ↔ 𝑦𝑖𝑢𝑖 ≥ 1 

0 < 𝛼𝑖 < 𝐶 ↔  𝑦𝑖𝑢𝑖 = 1 



 

153 

𝛼𝑖 = 𝐶 ↔  𝑦𝑖𝑢𝑖 ≤ 1 

where u𝑖 is the output of the SVM for the 𝑖𝑡ℎ training data point. 

Nearest Neighbors (NN): The nearest neighbor algorithm is one of the straightforward 

instance-based or lazy learning algorithms that store all the training data points and do not 

build a classifier until a new data point needs to be classified, whereas eager learning 

algorithms, such as decision trees, build a model before receiving new data points [266]. 

They require less computation time during training than eager learning algorithms, but more 

computation time during classification [263]. K nearest neighbor algorithm is based on the 

notion that the data point or instance exists in proximity to other data points that have similar 

properties [282]. The value of the output dependent variable of a new data point with a 

number of input independent variable is determined by observing the output variables of its 

nearest neighbors. The KNN algorithm finds the 𝑘 nearest neighbors of the data point based 

on its relative distance from its neighbors by using a distance function in the 𝑛 dimensional 

input space [263] and assigns its output variable or label the single most frequent output label 

among its neighbors [263]. A pseudo-code of the KNN is shown in Figure 47. As shown in 

Figure 48, if 𝑘 = 1, the new data point, *, is assigned the output label of its nearest neighbor, 

the dark square and if 𝑘 = 5, the assigned output label is the majority of the five nearest 

points. 

 

Figure 47: Pseudo-code for KNN [263] 
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Many distance functions has been developed in the literature and the most common 

ones include Minkowsky distance, Manhattan distance, Chebychev distance, Euclidean 

distance, Camberra distance, Kendall’s Rank Correlation distance [263]. The basic KNN 

was also refined by a number of weighting schemes on the distance functions and voting 

influence of each data point. Such schemes have been surveyed in papers such as [283]. 

There are two common widely used techniques to calculate such weights include: (1) to 

weight the vote of each neighbor based on the inverse square of its distance from the new 

data point, and (2) to weight the vote of each neighbor based on its similarity with the new 

data point defined as one minus its distance from the new data point [284]. Some limitations 

of the KNN include the large storage space for all data points and the sensitivity to the choice 

of distance functions and the value of 𝑘 [263]. Different combinations of distance functions 

and 𝑘 values on different types of data sets can affect the performance of the KNN as proven 

by papers such as [284–286]. The selection of algorithm parameters such as 𝑘 values can be 

done through cross-validation or similar computationally intensive techniques [263]. In 

binary classifications, it is recommended to choose 𝑘 to be an odd number to avoid ties [266]. 

A large 𝑘 value could solve the misclassification problem due to the presence of noisy data 

points winning majority votes and a small 𝑘 value could solve the misclassification problem 

because of the region defining the label being so small that data points belonging to the label 

that surrounds the region win the majority vote [263]. [287] found that the performance of 

the 1NN is better for small data sets and the performance of the KNN with small 𝑘 values 

are more robust than 1NN for large data sets, and that the performance is insensitive to exact 

𝑘 value when 𝑘 is large. [288] represented the performance of the KNN as a function of the 
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number of data points, the number of relevant and irrelevant input variables, the probability 

of each input, the noise rate for each type of noise, and 𝑘.  

 

Figure 48: KNN Classification [285] 

Artificial Neural Networks (ANNs): ANNs has been presented in detailed manner in 

section 6.2. ANNs have also been employed in multilabel learning methods as machine 

learning algorithms. Popular ANNs such as BPANNs has been employed as single label 

learning method in problem transformation methods and many variants of ANNs such as 

backpropagation for multilabel learning (BPMLL) has been employed in algorithm 

adaptation methods. 

Ensemble Learning (EL): Before presenting the EMs of PTMs and EMs of AAMs in the 

following sections, it is important to introduce the notion of Ensemble Learning (EL) here, 

not to confuse the meanings of the two. Whereas EMs of PTMs are referred to as ensemble 

methods strictly in the sense of multiple binary methods developed on top of PTMs, EMs of 

AAMs are the ensembles in the sense of ensemble learning (EL) which utilizes a number of 

machine learning classification algorithms. This brief introduction to EL is summarized from 

[289].  
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In EL, the machine learning is a paradigm in which multiple classifiers or learners 

are used to learn a set of hypotheses and combine them, in contrast to ordinary machine 

learning which only learns one hypothesis from the data. An ensemble consists of a number 

of learners which are called base learners (or weak learners although they are not necessarily 

weak) and the generalization of an ensemble is stronger than that of base learners. [290] 

found that the predictions of the combinations of a set of learners are often more accurate 

than those of the best single learner. [291] provided a proof, Boosting, which is one of the 

influential ensemble methods, to show that weak learners can be boosted to strong ones. 

Base learners are usually generated from training data by base learning algorithms which 

can be any of the machine learning algorithm categories such as decision trees, neural 

networks, support vector machines, etc. Homogeneous base learners are produced by single 

base learning algorithms in most ensemble methods while some methods use multiple 

learning algorithms to produce heterogeneous base learners. The construction of an ensemble 

is two steps: in the first step, a set of base leaners are produced in parallel or sequential 

manner in which the generation of a base leaner influences the generation of subsequent 

learners, and in the second step, the base learners are combined by popular combination 

schemes such as majority voting for classification and weighted averaging for regression. To 

construct a good ensemble, the base learners should have good accuracy which may be 

estimated by processes such as cross validation, hold-out test, etc., and diversity which may 

be incorporated by subsampling the data points, manipulating the inputs, outputs, and 

attributes, and including randomness into learners.  

Three common and effective representative ensemble methods are Boosting, 

Bagging, and Stacking. Boosting is a family of algorithms which gives all training data points 
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equal weights to get initial weight distribution from which it generates a base learner by 

calling the base learning algorithm. The base learner is then tested on the training data and 

the weights of the incorrectly classified data are updated. From the training data and updated 

weight distribution, Boosting again generates another base learner by calling the base 

learning algorithm. The process is repeated until the end round where the final learner is 

derived by weighted majority voting of all base learners whose weights are determined 

during the training process. The base learning algorithm in practice may be the algorithm 

that can handle weighted training data points directly. AdaBoost is a famous Boosting 

algorithm. Bagging first produces different bootstrap sample by subsampling the training 

data set with replacement where the sample size is the same as the size of the training data 

set. For a bootstrap sample, some training data points may not appear, and some may appear 

at least once with the probability of 0.63. Bagging calls the base learning algorithm to 

generate a number of base learners from these different bootstrap samples. The base learners 

are then combined by majoring voting and the most voted class is predicted. Random Forest 

is one of the powerful variant of Bagging algorithms. Stacking algorithm first generates a 

number of first level learners by different base learning algorithms using the training data. 

These individual learners are then combined by a second level learner called as a meta-

learner. There is no evidence that one ensemble method is better than the other consistently. 

6.4.2. Problem Transformation Methods 

As mentioned briefly in the beginning of section 6.4, the problem transformation 

methods (PTMs), as shown in Table 22, are the algorithm independent multilabel learning 
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methods that transform the multilabel learning problem into one or more single label learning 

problems on which a variety of single label classification algorithms (learners or classifiers) 

can be applied [256,257]. Any of the machine learning classification algorithms described in 

section 6.4.1 may be applied on PTMs. As previously mentioned, it is important to note that 

the presented PTMs are not intended to be detailed, but rather introductory and descriptive, 

due to their widespread employment in the literature based on the author’s review. 

Ranking via Single Label Learning: This method transforms the multi label datasets into 

single label dataset. A single label classifier that produce a score (e.g. probability) can then 

be applied to produce a ranking. There are three types of transformation: (a) ignoring all 

multilabel data, (b) selecting one of the labels of multi labeled data (select-max, select-min, 

select-random), and (c) transforming every multi label data into several ones one per label 

(copy and copy-weight methods) [257]. Although these methods are simple, they are 

considered not useful because relationship or dependency between labels are ignored, 

causing a major information loss.  

Binary Methods: The Binary Relevance (BR) method is one versus all (OVA) approach 

which learns one binary data for each label and outputting the union of their predictions 

[257]. Any binary classifier can be used to train the data. It considers patterns predicting the 

label to be positive patterns and the rest to be negative. BR assumes label independence and 

ignores their relationships which may lead to failure to predict label combinations or ranking 

[257].  

Classifier Chains (CC) method is a similar extended approach to BR but considers 

label dependence into account. Individual binary dataset for each label are linked in a chain 

along which any binary classifier can incorporate the predicted labels in previous datasets as 
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additional features. Other binary methods such as Probabilistic Classifier Chains (PCC), 

Meta-BR (or 2BR), BRplus (BR+), etc. were summarized and documented in [257]. 

Label Combination Methods: The Label Powerset (LP) method is simple problem 

transformation method [292] that considers each unique combination of multiple labels in a 

multilabel dataset as one class for newly transformed data, transforming into a single 

multiclass learning problem with 2𝐿 possible class values [293] which can be solved with 

any multiclass classifier. Although it can perform well and considers label dependency, its 

complexity is the drawback as the number of labels increases, the number of possible 

combinations grows exponentially with imbalanced data sets in which the majority of the 

classes are associated with very few data points [293,294].  

Pruned Problem Transformation (PPT) or Pruned Sets (PS) method mitigates the 

complexity drawback of the LP by focusing on the most important combinations of labels 

by pruning data points with labels of low frequency, but reintroduces the pruned data points 

along with subsets of their label sets to compensate for such information loss [257]. The 

method prunes all examples with label sets that occur less than a particular threshold 𝑝 and 

reintroduce pruned examples along with subsets of their label sets that exist more times than 

𝑝 by keeping top 𝑏 of subsets or by keeping all subsets of size greater than 𝑏 after ranking 

the subsets by the size of examples they belong to [295]. 

Another LP method is Hierarchy of Multi label ClassifiERs (HOMER) which is an 

algorithm for computationally efficient multilabel learning with large number of labels [241]. 

It divides the multilabel dataset into smaller subsets of labels in hierarchical manner so that 

it organizes all labels into a tree shaped hierarchy with smaller set of labels at each node and 
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at each non-leaf node, a multiclass LP classifier is then applied [292]. It uses even 

distribution of a set of labels into 𝑘 disjoint subsets to place similar labels together and the 

best predictive performance is reported using a balanced 𝑘 means algorithm customized for 

HOMER [296]. Other methods such as LPBR (ChiDep), a hybrid combination of LP and BR 

were summarized and documented in [257]. 

Pairwise Methods: The Ranking by Pairwise Comparison (RPC) method transforms a data 

set with 𝑞 labels into 
𝑞(𝑞−1)

2
 binary data sets, one per each pair of label, and follows OVA 

approach as in BR [257]. Each data set has the instances from the original data set that belong 

to at least one corresponding labels, but not to both [297]. A binary classifier is built for each 

data set which uses data points that belong to one label as positive and the other as negative. 

The prediction is done by invoking all models from which a ranking is obtained by counting 

votes for each label [257]. 

Calibrated Label Ranking (CLR) extends RPC by introducing an additional virtual 

label used to separate the relevant and irrelevant ones obtaining a consistent ranking and 

partitioning [257,298]. It is assumed that the virtual label is preferred over all irrelevant 

labels and all relevant labels are preferred over it [241]. Binary classifiers are then applied 

and at the prediction, a ranking over 𝑞 + 1 labels is obtained through majority voting [241]. 

QWeighted Calibrated Label Ranking (QCLR) method uses combination of CLR 

with QWeighted voting schema [299]. Quick weighted voting utilized the fact that some 

labels can be excluded from the set of top rank labels early in the voting process when it 

becomes apparent that they cannot exceed their current maximum [241]. Pairwise binary 

classifiers are then selected based on the voting loss value, the number of votes that a label 
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does not receive [241]. The label with the current minimal loss is the best candidate for the 

top ranked label and it can be concluded that no other label can achieve a better ranking if 

this label still has the lowest loss after evaluation of all preferences with this label [241]. The 

process is iteratively performed until the virtual label is returned, meaning that all remaining 

labels are irrelevant, and reduces the evaluations needed from 
𝑞(𝑞−1)

2
 to 𝑞𝑙𝑜𝑔(𝑞) in practice 

[257]. Other methods such as Dual Layer Voting Method (DLVM) were summarized and 

documented in [257]. 

EMs of PTMs: EMs of PTMs are referred to as ensemble methods, strictly in the sense of 

methods developed on top of PTMs because they involve multiple binary models. Like 

PTMs, the machine learning classification algorithms described in section 6.4.1 may be 

applied on EMs of PTMs.  

Ensembles of Classifier Chains (ECC) is an ensemble multilabel learning method 

that uses CC as base classifiers with a random chain ordering and a random subset of data 

set sampled with replacement [257]. Each CC is likely to be unique and give different 

predictions. Each label receives a number of votes when the predictions are summed up by 

label and a threshold value is used to choose the most popular labels which form the final 

predicted label set [241,294]. Ensemble of Binary Relevance Classifiers (EBR) is a method 

developed identically to ECC but without chaining [257].  

Ensembles of Pruned Sets (EPS) is a method that combines pruned sets in an 

ensemble scheme. PS is not able to predict label sets that are not in the training data set 

similar to LP. To solve this issue is to combine the results of several classifiers in an ensemble 

[257]. PS is used to construct an ensemble because of its fast build times and in addition, the 
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ensemble counters over-fitting effects of the pruning process and allows the creation of new 

label sets at classification time [292,294]. In the ensemble, a subset of the training set (63%) 

is sampled without replacement for each classifier and a PS classifier is trained [257].  

RAndom k-labEL Set (RAkEL) is a method that takes label dependency into account 

and avoids computational complexity of LP [257]. It is an ensemble method of LP which 

draws 𝑚 random subsets of labels with size 𝑘 from all labels and trains a LP classifier on 

each of them [241,292]. The final set of labels is determined by looking for labels with 

averaged votes larger than a given threshold value [292,294]. Since 2𝐿 possible labels are 

reduced to 2𝑘, computation becomes simpler [295,300]. 𝑘 should be small enough to deal 

with LP’s complexity and m should be large enough to obtain votes [295]. The larger the 

mean number of votes per label, 
𝑚𝑘

𝑞
, the higher the effectiveness is [295]. Other methods 

such as ChiDep Ensemble (CDE) (improved LPBR), RAkEL++ (improved RAkEL), etc. 

were summarized and documented in [257].  
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Table 22: Example Data Transformations of PTMs 

Original Data Set 

Inputs 𝛌𝟏 𝛌𝟐 𝛌𝟑 𝛌𝟒 

𝑥1 0 1 1 0 

𝑥2 1 0 0 0 

𝑥3 0 1 0 0 

𝑥4 1 0 0 1 

𝑥5 0 0 0 1 

Binary: BR Method 

Inputs 𝛌𝟏 Inputs 𝛌𝟐 Inputs 𝛌𝟑 Inputs 𝛌𝟒 

𝑥1 0 𝑥1 1 𝑥1 1 𝑥1 0 

𝑥2 1 𝑥2 0 𝑥2 0 𝑥2 0 

𝑥3 0 𝑥3 1 𝑥3 0 𝑥3 0 

𝑥4 1 𝑥4 0 𝑥4 0 𝑥4 1 

𝑥5 0 𝑥5 0 𝑥5 0 𝑥5 1 

Binary: CC Method 

Inputs 𝛌𝟏 Inputs 𝛌𝟏 𝛌𝟐 Inputs 𝛌𝟏 𝛌𝟐 𝛌𝟑 Inputs 𝛌𝟏 𝛌𝟐 𝛌𝟑 𝛌𝟒 

𝑥1 0 𝑥1 0 1 𝑥1 0 1 1 𝑥1 0 1 1 0 

𝑥2 1 𝑥2 1 0 𝑥2 1 0 0 𝑥2 1 0 0 0 

𝑥3 0 𝑥3 0 1 𝑥3 0 1 0 𝑥3 0 1 0 0 

𝑥4 1 𝑥4 1 0 𝑥4 1 0 0 𝑥4 1 0 0 1 

𝑥5 0 𝑥5 0 0 𝑥5 0 0 0 𝑥5 0 0 0 1 

Label Combination: LP Method 

Inputs 𝛌 ∈ 𝟐𝑳 

𝑥1 0110 

𝑥2 1000 

𝑥3 0110 

𝑥4 1001 

𝑥5 0001 

Pairwise: RPC Method 

Inputs 𝛌𝟏𝒗𝟐 Inputs 𝛌𝟏𝒗𝟑 Inputs 𝛌𝟏𝒗𝟒 Inputs 𝛌𝟐𝒗𝟑 Inputs 𝛌𝟐𝒗𝟒 Inputs 𝛌𝟑𝒗𝟒 

𝑥1 0 𝑥1 0     𝑥1 1 𝑥1 1 

𝑥2 1 𝑥2 1 𝑥2 1       

𝑥3 0     𝑥3 1 𝑥3 1   

𝑥4 1 𝑥4 1     𝑥4 0 𝑥4 0 

    𝑥5 0   𝑥5 0 𝑥5 0 

Ensemble: RAkEL Method (k=3, m=4) 

Inputs 𝛌 ∈ 𝟐𝒌 Inputs 𝛌 ∈ 𝟐𝒌 Inputs 𝛌 ∈ 𝟐𝒌 Inputs 𝛌 ∈ 𝟐𝒌 

𝑥1 011 𝑥1 010 𝑥1 010 𝑥1 110 

𝑥2 100 𝑥2 100 𝑥2 100 𝑥2 000 

𝑥3 011 𝑥3 010 𝑥3 010 𝑥3 110 
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𝑥4 100 𝑥4 101 𝑥4 101 𝑥4 001 

𝑥5 000 𝑥5 001 𝑥5 001 𝑥5 001 

6.4.3. Algorithm Adaptation Methods 

As mentioned briefly in the beginning of section 6.4, the algorithm adaptation 

methods (AAMs) are the multilabel learning methods that adapt, extend, and customize 

existing classification algorithms (learners or classifiers) to directly perform multilabel 

classification on multilabel datasets [241,256,257]. AAMs are the extensions or 

customizations of the machine learning algorithms/ classifiers that can be taxonomized into 

such categories as decision trees, support vector machines, nearest neighbors, artificial 

neural networks, generative and probabilistic models, associative classifications, bio-

inspired approaches, and ensemblies [257]. However, based on the author’s review of 

literature, decision trees AAMs, nearest neighbors AAMs, artificial neural networks AAMs, 

and ensemble methods of AAMs are found to be widely employed in many studies, and thus 

only these types of AAMs will be discussed in this section. As previously mentioned, it is 

important to note that the presented AAMs are not intended to be detailed, but rather 

introductory and descriptive, due to their widespread employment in the literature based on 

the author’s review. For more comprehensive survey of all types of AAMs, it is suggested to 

refer to the review papers such as [257].  

Decision Trees AAMs: Predictive Clustering Trees (PCTs) are decision trees constructed 

top down as hierarchy of clusters moving down the tree in which the top node corresponds 

to one cluster with all data which is recursively partitioned into smaller clusters using a 

standard top down induction of decision trees algorithm where the functions of variance and 
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prototype can be instantiated [241,257]. PCTs can structured output types such as tuples of 

continuous or discrete variables, time series, classes organized into hierarchy, tuples of time 

series and tuples of hierarchies [241]. For predicting tuples of discrete variables, the variance 

function is computed as the sum of Gini indices of the variables from the target tuple. The 

prototype function returns a vector of probabilities that a new data input belongs to a given 

label and in the case of multilabel, a vector of probabilities that a new data input is labeled 

with a given label [241].  

Multilabel C4.5 (ML-C4.5) is an adaptation of well-known decision tree algorithm 

C4.5 designed for multilabel learning [241,257]. It allows multiple labels in the leaves of the 

tree and uses a modified definition of entropy, sums of the entropies of each label, in solving 

multilabel problems to consider both membership and non-membership of each label 

[241,257]. This method has become a reference method mainly used as a base learner in 

ensemble methods of AAMs such as Random Forest Multilabel C4.5 (RFML-C4.5) [257]. 

Nearest Neighbors AAMs: Binary Relevance K-Nearest Neighbor (BRKNN), is equivalent 

to applying KNN to BR method. It is faster because instead of computing once for each label 

times 𝑘  nearest neighbor, it performs single search for 𝑘  nearest neighbors making 

independent predictions for each label [297]. The problem with BRKNN is that it outputs 

the empty label set for a test input if none of the labels is included in at least half of the 𝑘 

nearest neighbors [257]. Defining the confidence of the label as the proportion of data points 

belonging to a label in 𝑘 nearest neighbors of the test data point, the first method to tackle 

this problem, BRKNN-a outputs the label with the highest confidence, and the second 
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method, BRKNN-b calculates the average size, 𝑠, of the label set of the 𝑘 nearest neighbors 

and outputs 𝑠 labels with the highest confidence [257,297]. 

Multilabel K-Nearest Neighbor (MLKNN) is one of the most widely used algorithm 

adaptation approaches. It is a binary relevance algorithm acting on labels individually and 

extends the lazy learning algorithm KNN by using a Bayesian approach to deal with 

multilabel dataset [292,301]. After determining the 𝑘 nearest neighbors, instead of applying 

the standard k-nearest neighbor algorithm directly, it uses the maximum a posteriori principle 

(MAP) to determine a label set for a new input based on prior and posterior probabilities for 

the frequency of each label within the k-nearest neighbors [293,294]. MLKNN is often 

criticized for not taking label dependency into account. A version of MLKNN called 

Dependent Multilabel K-Nearest Neighbor (DMLKNN) fills this gap by considering the 

dependencies between the labels by using a global MAP rule [257]. For each label, while 

MLKNN considers only the neighbors containing such label, DMLKNN takes all labels of 

the neighbors into account [257].  

Instance Based Learning by Logistic Regression (IBLR) is an instance based learning 

which combined KNN with logistic regression [257]. It uses the labels of 𝑘 nearest neighbors 

of the new input as extra attributes in a logistic regression model for each label, thus taking 

label dependencies into account [293,297]. Other instance based methods such as LP 

Transformation with KNN (LPKNN), image annotation domain Multilabel classification with 

KNN (KNNMLC), approximate reasoning technique Fuzzy KNN algorithm (FKNN), 

evidence theoretic rule technique Evidential Multilabel KNN (EMLKNN), etc. were 

summarized and documented in [257]. 
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Artificial Neural Networks AMMs: Multilabel Multiclass Perceptron (MMP) is a family 

of online algorithms that use one perceptron for each label like BR on text documents for 

topic ranking [257]. It is suggested for use when the number of labels is low, and the number 

of data points are high. The pairwise approach, Multilabel Pairwise Perceptron (MLPP) is 

the instantiation of the RPC transformation with perceptrons as base classifiers [257]. It is 

less efficient than MMP because of the quadratic computation complexity of pairwise nature 

of RPC approach. An approach called Dual Multilabel Pairwise Perceptrons algorithm 

(DMLPP) was developed to formulate the perceptrons in dual form to alleviate this 

complexity resulting in its linear proportionality with the number of labels [257]. It is found 

less efficient because it keeps the whole training data in memory, so it is difficult to handle 

training data with high number of data points. Instead of RPC approach, Calibrated 

Multilabel Pairwise Perceptron (CMLPP) and Qweighted Calibrated Multilabel Pairwise 

Perceptron (QMLPP) were developed later and the latter was reported by studies for a good 

tradeoff between performance and computation complexity [257]. 

Backpropagation for Multilabel Learning (BPMLL) is an adaptation of the popular 

feed forward back propagation (BP) algorithm [257] and it is the most widely used neural 

network AAMs in multilabel studies. The main modification is that the error function of the 

backpropagation algorithm is modified to obtain a new error function that takes multiple 

labels into account [297,302]. The network has one input unit per input independent 

variables, one output unit per label or dependent variables, and the hidden layer is fully 

connected to the input and output layers [257]. A threshold function is then provided to 

determine which label should be included in the output for a new input data [303]. Other 
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neural network AAMs such as Multilabel Radial Basis Function (MLRBF), Probabilistic 

Neural Network (PNN), PNN-centroid, etc. were summarized and documented in [257]. 

EMS of AAMs: EMs of AAMs are the ensembles, in the sense of ensemble learning (EL), 

base learners of which are themselves the algorithms of AAMs. Each base learner makes 

multilabel prediction and then the predictions are combined using some voting scheme, for 

example, majority voting or probability distribution voting [241]. 

Random Forest of Predictive Clustering Trees (RF-PCT) is the ensemble method 

that uses PCTs as base learners [241,304,305]. The diversity of the base learner is obtained 

by bagging method, and the best variable from a random subset of the input variables at each 

node [241,257]. The predictions of the base learners are combined in a voting scheme [241]. 

Random Forest of ML-C4.5 (RFML-C4.5) is, similarly, the ensemble method that uses ML-

C4.5 as base learners and follows the same philosophy as RF-PCT [241,257]. Triple Random 

Ensemble Multilabel Classification (TREMLC) is a method that integrated bagging ensemble 

method and RAkEL by randomly selecting independent variables subsets, input subsets, and 

label subsets, and is reported to have high computation cost due to this triple randomization 

[257].  

AdaBoost.MH and AdaBoost.MR are boosting based algorithms designed for text 

categorization inspired by the popular AdaBoost algorithm [257]. The purpose of these 

algorithms is to, as mentioned in section 6.4.1, find the accurate learner by combining many 

base learners. AdaBoost.MH tried to minimize the number of misclassified labels for which 

it maintained a set of weights over the training data points and over the labels [257]. After 

each round of training, the training data points and their labels that are harder to classified 

get higher weights incrementally while those that are easier get lower weights. It mapped the 
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original multilabel problem into binary problem and solve it using the traditional AdaBoost 

algorithm with one level decision trees as base learner in practice [257]. AdaBoost.MR, on 

the other hand, tried to minimize the number of misordered labels so that relevant labels 

would rank above irrelevant ones [257]. Other variants of AdaBoost and AdaBoost.MH were 

summarized and documented in [257]. 

6.5. Evaluation Measures and Comparisons: Multilabel 

Methods 

The performance evaluation measures for single label learning methods and 

multilabel learning methods, are very similar, however, multilabel classification prediction 

models require slightly different measures since they need to take multiple labels into 

considerations [256]. In addition, unlike single label prediction in which the prediction is 

just either correct or incorrect, in multilabel prediction, the prediction may be partially 

correct or incorrect according to labels [294]. Several measures are explored in this research 

for multilabel predictions. Comprehensive taxonomy of multilabel evaluation measures can 

be found in review papers such as [257]. However, in this research, only the most commonly 

and widely used measures that are employed in such studies as [241,255,292–294,301–

303,306,307] are presented. Tsoumakas et al. suggested performance evaluation measures 

for multilabel learning that can be divided into two groups [308]. The first group is called 

bipartitions-based measures and the second is called rankings-based measures. The 

bipartitions-based measures are calculated based on the comparison of the predicted relevant 

labels with the ground truth relevant labels [241,292]. This group can be further divided into 
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example-based measures and label-based measures. The example-based measures are 

calculated based on the average differences of the actual and the predicted sets of labels over 

all examples and the label-based measures decompose the process into separate evaluations 

for each label and then average over all labels [241,292,308]. The rankings-based measures 

compare the predicted ranking of the labels with the ground truth ranking [241,292,308].  

There are six example-based measures namely hamming-loss, subset accuracy, 

precision, recall, accuracy, and F1 score [241,292,294,308]. Let’s define 𝑦𝑖  as the set of true 

labels of example 𝑥𝑖, ℎ(𝑥𝑖) as the set of predicted labels, 𝑁 as the total number of examples, 

and 𝑄 as the total number of labels. Hamming-loss evaluates how many times an example-

label pair is misclassified (a label not belonging to the example is predicted or a label 

belonging to the example not predicted) as shown in Equation 41 where ∆  means the 

symmetric difference between two sets. The performance is perfect when hamming-loss is 

zero. 

𝐻𝑎𝑚𝑚𝑖𝑛𝑔 𝑙𝑜𝑠𝑠 =
1

𝑁
∑

1

𝑄
|ℎ(𝑥𝑖)∆𝑦𝑖|

𝑁

𝑖=1

 (41) 

Subset accuracy as shown in Equation 42 is a very restrictive accuracy measure requiring 

that the predicted set of labels is exactly equal to the true set of labels. It is defined as below 

where 𝐼(𝑡𝑟𝑢𝑒) = 1 and 𝐼(𝑓𝑎𝑙𝑠𝑒) = 0. 

𝑆𝑢𝑏𝑠𝑒𝑡 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
1

𝑁
∑𝐼(ℎ(𝑥𝑖) =

𝑁

𝑖=1

𝑦𝑖) (42) 

Accuracy computes the percentage of correctly predicted labels among all predicted and true 

labels averaged over all examples as shown in Equation 43. Precision computes the 

percentage of correctly predicted labels among all predicted labels as shown in Equation 44. 
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Recall is the percentage of correctly predicted labels among all true labels as shown in 

Equation 45. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
1

𝑁
∑|

ℎ(𝑥𝑖) ∩ 𝑦𝑖

ℎ(𝑥𝑖) ∪ 𝑦𝑖

𝑁

𝑖=1

| (43) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
1

𝑁
∑

|ℎ(𝑥𝑖) ∩ 𝑦𝑖|

|ℎ(𝑥𝑖)|

𝑁

𝑖=1

 (44) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
1

𝑁
∑

|ℎ(𝑥𝑖) ∩ 𝑦𝑖|

|𝑦𝑖|

𝑁

𝑖=1

 (45) 

F1 score is the harmonic mean between precision and recall and defined as shown in 

Equation 46. 

𝐹1 𝑠𝑐𝑜𝑟𝑒 =
1

𝑁
∑

2 ∗ |ℎ(𝑥𝑖) ∩ 𝑦𝑖|

|ℎ(𝑥𝑖)| + |𝑦𝑖|

𝑁

𝑖=1

 (46) 

Any known measure for binary prediction such as accuracy, precision, recall, F1 

score, and the area under ROC curve (AUC) can used as label-based measures that can be 

achieved through two operations, macro averaging and micro averaging [308]. Macro 

averaging computes one measure for each label and then averaged over all labels and micro 

averaging considers all examples of all labels together [257]. However, some such as 

accuracy has the same macro and micro averaged values [308]. Precision, recall, and F1 

score are different in macro and micro averaged values and defined based on the number of 

true/false positive/negative predictions as shown below from Equation 47 to Equation 52. 

The macro and micro AUC can be also calculated using ROC curve obtained from macro 

and micro sensitivity and specificity as in binary predictions. 

𝑀𝑎𝑐𝑟𝑜 − 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
1

𝑄
∑

𝑇𝑃𝑗

𝑇𝑃𝑗 + 𝐹𝑃𝑗

𝑄

𝑗=1

 (47) 
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𝑀𝑎𝑐𝑟𝑜 − 𝑟𝑒𝑐𝑎𝑙𝑙 =
1

𝑄
∑

𝑇𝑃𝑗

𝑇𝑃𝑗 + 𝐹𝑁𝑗

𝑄

𝑗=1

 (48) 

𝑀𝑎𝑐𝑟𝑜 − 𝐹1 =
1

𝑄
∑

2 ∗ (𝑃𝑗 ∗ 𝑅𝑗)

𝑃𝑗 + 𝑅𝑗

𝑄

𝑗=1

, (𝑃𝑗 , 𝑅𝑗𝑎𝑟𝑒 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑎𝑛𝑑 𝑟𝑒𝑐𝑎𝑙𝑙 𝑝𝑒𝑟 𝑙𝑎𝑏𝑒𝑙) (49) 

𝑀𝑖𝑐𝑟𝑜 − 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
∑ 𝑇𝑃𝑗

𝑄
𝑗=1

∑ 𝑇𝑃𝑗
𝑄
𝑗=1 + ∑ 𝐹𝑃𝑗

𝑄
𝑗=1

 (50) 

𝑀𝑖𝑐𝑟𝑜 − 𝑟𝑒𝑐𝑎𝑙𝑙 =
∑ 𝑇𝑃𝑗

𝑄
𝑗=1

∑ 𝑇𝑃𝑗
𝑄
𝑗=1 + ∑ 𝐹𝑁𝑗

𝑄
𝑗=1

 (51) 

𝑀𝑖𝑐𝑟𝑜 − 𝐹1 =
2 ∗ (𝑀𝑖𝑐𝑟𝑜 − 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑀𝑖𝑐𝑟𝑜 − 𝑟𝑒𝑐𝑎𝑙𝑙)

𝑚𝑖𝑐𝑟𝑜 − 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑚𝑖𝑐𝑟𝑜 − 𝑟𝑒𝑐𝑎𝑙𝑙
 (52) 

There are four rankings-based measures namely one-error, coverage, ranking loss, 

and average precision [308]. One-error as shown in Equation 53 evaluates how many times 

the top ranked label is not in the set of relevant labels of the example [241,294,303,308]. Its 

value ranges between 0 and 1 with smaller value meaning better performance [241,294,303]. 

𝑂𝑛𝑒 − 𝑒𝑟𝑟𝑜𝑟 =
1

𝑁
∑𝛿(𝑎𝑟𝑔 min

λ∈𝐿
𝑟𝑎𝑛𝑘𝑖(

𝑁

𝑖=1

λ)) 

𝑤ℎ𝑒𝑟𝑒 𝛿(𝜆) = 1 𝑖𝑓 𝜆 ∉ 𝑌𝑖  𝑎𝑛𝑑 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

(53) 

Coverage as shown in Equation 54 evaluates the distance on average to go down the list of 

ranked labels in order to cover all the correct labels of the example [241,294,303,308]. The 

smaller the value, the better the performance is [241,294].  

𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 =
1

𝑁
∑max

λ∈𝑌𝑖

𝑟𝑎𝑛𝑘𝑖(λ) − 1

𝑁

𝑖=1

 (54) 

Ranking loss as shown in Equation 55 is the number of times that an incorrect label is ranked 

higher than a correct label [241,303,308]. The smaller the value, the better the performance 

is, with the perfect score being 0 [241]. 
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𝑅 − 𝑙𝑜𝑠𝑠 =
1

𝑁
∑

|{(λ𝑎 , λ𝑏): 𝑟𝑎𝑛𝑘𝑖(λ𝑎) > 𝑟𝑎𝑛𝑘𝑖(λ𝑏), (λ𝑎 , λ𝑏) ∈ 𝑌𝑖 ∗ 𝑌�̅�}|

|𝑌𝑖||𝑌�̅�|

𝑁

𝑖=1

 

𝑤ℎ𝑒𝑟𝑒 𝑌�̅� = 𝑐𝑜𝑚𝑝𝑙𝑒𝑚𝑒𝑛𝑡𝑎𝑟𝑦 𝑠𝑒𝑡 𝑜𝑓𝑌𝑖  𝑖𝑛 𝐿 

(55) 

Average precision as shown in Equation 56 evaluates the average fraction of labels ranked 

above a particular label λ ∈ 𝑌𝑖 that are actually in 𝑌𝑖 [241,294,308]. The larger the value, the 

better the performance is, with the perfect score being 1 [241]. 

𝐴𝑣𝑔 − 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
1

𝑁
∑

1

|𝑌𝑖|
∑

|{λ′ ∈ 𝑌𝑖: 𝑟𝑎𝑛𝑘𝑖(λ
′) ≤ 𝑟𝑎𝑛𝑘𝑖(λ)}| 

𝑟𝑎𝑛𝑘𝑖(λ)λ∈𝑌𝑖

𝑁

𝑖=1

 (56) 

There is significant amount of research in the literature comparing different 

multilabel learning methods. They were performed not only on domain specific benchmark 

problem datasets but also on multi domain benchmark problem datasets. Different machine 

learning algorithms (e.g. decision trees (DT), naïve bayes (NB), support vector machines 

(SVM), nearest neighbors (NN), artificial neural networks (ANNs), etc.) are applied as base 

learners/classifiers on PTMs and EMs of PTMs. AAMs and EMs of AAMs also employed 

variants and extensions of these classifiers. In many comparison studies, varying results from 

varying algorithm-specific parameters or the best results from the best algorithm-specific 

parameter configuration are used to gauge performance. [293] analyzed 11 multilabel 

learning methods using 11 multi domain datasets and 2 evaluation measures. [255] compared 

6 multilabel learning methods using 8 multi domain datasets and 5 evaluation measures. 

[306] compared 4 problem transformation methods using 3 multimedia domain datasets and 

5 evaluation measures employing 54 classifiers from MEKA java open source 

implementation for multilabel learning. [302] studied 4 multilabel learning methods using a 

video annotation dataset and 18 evaluation measures. [292] performed comparison on 11 
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multilabel learning methods using 7 multi domain datasets and 6 evaluation measures. [301] 

tried to make a selection from 12 multilabel learning methods using 5 multi domain datasets 

and 4 evaluation measures. [303] employed 6 multi domain datasets and 7 evaluation 

measures to compare PTM and AAM approaches using decision trees and artificial neural 

networks as classifiers. [294] performed comparative analysis of 9 multilabel learning 

methods using 3 multi domain datasets and 11 evaluation measures. [307] compared 4 

multilabel learning methods using 2 multi domain datasets and 5 evaluation measures. [241] 

performed an extensive comparison on 12 multilabel learning methods using 11 multi 

domain datasets and 16 evaluation measures. However, there does not exist a uniform or 

single recommendation on the best performing method or a list/ranking of top performing 

methods. As seen in Table 23, different multilabel learning methods and algorithms depend 

on the data sets and needs of the problem based on different evaluation measures [257].  
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Table 23: Comparisons of Multilabel Learning Methods 

Ref 

No. Data 

Sets-No. 

Evaluation 

Measures 

Method-Learner 

Recommendation 
PTMs AAMs 

[293] 11-1 

BR-SVM 

CC-SVM 

LP-SVM 

HOMER-SVM 

CLR-SVM 

RAKEL-SVM 

MLKNN 

DMLKNN 

IBLRML 

BRKNN 

BPMLL 

CC, RAKEL, BPMLL. 

[255] 8-5 

BR-DT 

CC-DT 

PS-DT 

RAKEL-DT 

MLKNN 

ADABOOST.MH 

 

MLKNN, RAKEL, CC, BR. 

[306] 3-5 

BR 

CC 

LP 

CLR 

-with 54 MEKA 

Learners 

 

Choice of method and 

learner affects the results in 

different evaluation measure 

in different datasets. 

[302] 1-18 
BR-SVM 

RAKEL-DT 

MLKNN 

BPMLL 

Different methods perform 

well in different evaluation 

measures and datasets based 

on requirements and 

constraints of applications. 

[292] 7-6 

BR-DT 

CC-DT 

LP-DT 

PS-DT 

HOMER-DT 

CLR-DT 

ECC-DT 

RAKEL-DT 

EPS-DT 

MLKNN 

BPMLL 

ECC, RAKEL, EPS (in 

example-based metrics). 

ECC, BR, CC, RAKEL (in 

label-based metrics). 

Recommends ensemble 

methods. 

[301] 5-4 

BR-DT 

CC-DT 

LP-DT 

HOMER-DT 

CLR-DT 

ECC-DT 

EBR-DT 

RAKEL-DT 

MLKNN 

ADABOOST.MH 

 

MLKNN, ECC, EBR. 

[303] 6-7 

BR-with DT 

(ID3 algorithm) 

* & 

ID3 algorithm* & 

BPMLL 

Simple BR is better than ID3 

and BPMLL. 



 

176 

ANNs (BPMLL 

algorithm) 

[294] 3-11 

BR 

CC 

LP 

PS 

ECC 

EPS 

RAKEL 

-with KNN, DT, 

SVM, NB, MLP 

MLKNN 

BPMLL 

BR with KNN. CC with KN. 

ECC with MLP. LP with 

SVM. PS and EPS with 

SVM. Recommends AAMs 

(MLKNN) over PTMs (with 

SVM). 

[307] 2-5 

BR 

CC 

CT** 

LP 

-with NB, DT, 

Rules, SVM 

 

Different method and learner 

perform well in different 

evaluation measures and 

datasets. CC, CT, LP are 

better in accuracy than BR. 

[241] 11-16 

BR-SVM 

CC-SVM 

HOMER-SVM 

CLR-SVM 

QWML***-

SVM 

ECC-SVM 

RAKEL-SVM 

PCT 

ML.C45 

MLKNN 

RF.PCT 

RF.ML.C4.5 

RF-PCT, HOMER, BR, CC. 

SVM for smaller datasets. 

DT for larger datasets and 

speed. 

*decision tree algorithm 

**Classifier Trellis 

***variant of QCLR 
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 Chapter 7. 

Implementation of Computational Methods 

The third research question presented in section 3.2 is to investigate if complex 

network metrics can be used to predict requirement change volatility metrics. To answer this 

question, Task III: development of computational models is carried out. This chapter 

addresses the second task to address the third research question: Subtask III.b: deploying 

relevant computational methods on requirement change data to develop computational 

models. The detailed experimental implementations of the selected relevant computational 

methods are presented in this chapter. 

The ordinal output cumulative logit model is selected for RA and its implementation 

is presented in section 7.1. This model is preferred over other models presented because as 

explained in section 4.2.3, the volatility metric data is sparse meaning that the metrics have 

only a few instances at each unique value between the range of 0 and 1 and therefore, 

dividing the volatility metric values into multiple ordered categorical levels such as low, 

medium, and high severity helps with the granularity of the response and developing a better 

learning model. The same reasoning is applied to ANN analysis for partitioning the volatility 

class metrics. The implementation of BPANNs used for the ANN analysis is presented in 

section 7.2. The implementations for selected MLL methods are presented in section 7.3. In 

RA, the output levels of each volatility metrics are coded as factors in ordinal fashion (i.e. 

low = 1, medium = 2, high = 3), and in ANN analysis, they are coded using one hot encoding 

(i.e. low = 100, medium = 010, high = 001). In MLL methods, four volatility classes, each 
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with three levels, low, medium, and high, are binary coded totaling in twelve labels. The 

continuous independent variables are normalized within the range of 0.01-0.99 and the 

categorical independent variables are coded as factors. Although leave-k-out (or leave-one-

out) cross validation methods for data partitioning may produce satisfactory results, the 

necessary computational time is expensive. In this dissertation, the simple data holdout 

method is employed. By random sampling, 75% data is partitioned into the training set and 

25% data is partitioned into the testing set. This randomly sampled holdout method is 

repeated three times for three case studies and the results are averaged as validation 

performance. 

7.1. Implementation of Regression Analysis 

It has become common nowadays to deal with many independent variables 

especially in complex exploratory analyses or experimental studies [309] such as the 

requirement change propagation prediction addressed in this dissertation. Traditionally in 

RA, stepwise methods are used to select regression model terms. They start from the full 

model (backward elimination) or null model (forward selection) and iteratively remove or 

add terms at each step based on their significance to get the best model. The addition or 

removal of terms is done by hypothesis tests such as t tests, F test, or likelihood ratio test, 

etc. with significant levels for p-values [309]. The number of tests for the whole process is 

usually high and causes the problem of choosing a relevant significant level [309]. Another 

way is to use Information Criteria (IC) to compare models at each step. However, since 

stepwise iterative models depend on the starting point and stopping rules, forward selection 



 

179 

and backward elimination may not converge in the same model or none may converge to 

optimal model even based on the type of IC selected [309]. While stepwise process also does 

not make full use of IC which can compare several models at a time by only comparing 

models during successive iterations, a full IC based approach using IC like Akaike 

Information Criterion (AIC) or Bayesian Information Criterion (BIC) can compare all 

candidate models based on ranked IC value to get the best model [309]. GLMULTI package 

in R makes use of the full IC based approach to identify the best model from candidate set 

of models. GLMULTI provides a function glmulti that can currently only accepts at most 32 

continuous/discrete independent variables (covariates) and 32 categorical independent 

variables (factors), and if interactions are included, at most 128 interactions up to only 

pairwise interactions [309]. It generates all possible non-redundant model formulas based on 

the provided terms by the user and acts a wrapper method for any fitting function to fit these 

formulas and calculate their specified IC values [309]. Because its default exhaustive search 

method becomes unmanageable when there are high number of independent variables with 

their interactions included, glmulti also provides an alternative, Genetic Algorithm (GA) 

method that computes faster by exploring only a subset of potential models randomly but 

with bias towards better models [309]. GA encodes formulas as chromosomes or strings of 

zeros and ones, each bit being called a “locus”, that indicate which terms are present or not 

and go through adaptive evolution process [309]. GA in glmulti starts with a population of 

models determined by the input popsize, a large value of which requires more computational 

resources and a small value of which may cause the algorithm to converge prematurely 

resulting in suboptimal models [309]. The models are fitted and IC values are computed for 

their fitness which is defined as the exponent of the value of the IC of the best model in the 
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current population minus the IC of the model 𝑖 being compared, higher IC implying lower 

fitness [309]. Next generations of models are produced in three forms: (1) asexual 

reproduction: a model produced is a simple copy of its parent which is drawn randomly with 

a probability proportional to fitness with some loci changed by mutation governed by 

argument mutrate, the locus change probability (2) sexual reproduction: governed by 

argument sexrate, the proportion of sexual reproduction and a model is produced from 

combined chromosomes of two parents which are chosen as in asexual reproduction with 

locus change probability as in asexual reproduction, (3) immigration: governed by argument 

imm, the proportion of immigration and a model is produced by the state of each locus 

assigned zero or one randomly with equal probability with considerable change in the 

structure [309,310]. The GA stops and declared to have converged when deltaM or the target 

change in mean IC and deltaB or the target change in best IC every 20 generations do not 

improve significantly for conseq consecutive times [309,310]. The default recommended 

parameter values of glmulti [309,310] are used in this dissertation with different fitting 

function.  

The fit function employed to pass to the glmulti is the function polr from the R 

package MASS by Venables and Ripley which contains functions and datasets to support 

Modern Applied Statistics with S [311]. It is a function to fit logistic regression model to 

ordered categorical response with proportional odds logistic regression describe in section 

6.1.3 as the default model as the name implies [311]. The function is also used with its default 

parameter values which can be found in [311]. The details of the implementation of the RA 

in this dissertation can be found in Appendix D. 
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In the GA, the first popsize of the models is a randomly selected population which 

dictates the algorithm convergence and affects the resulting evolution of generations and 

their respective IC values, and hence, the resulting best model may differ each time the GA 

is run even though other parameters are kept constant. In addition, since glmulti function 

have limitations on the number of continuous/discrete and categorical independent variables 

as mentioned above, our 49 independent variables are arbitrarily divided into two groups: 

the first group containing 25 variables and the second group containing 24 variables. Each 

group is run ten times with only the main effects in glmulti function with GA search using 

polr function for proportional odds logistic regression fit. The best model from each group 

is selected based on the following weight order: AUC value > accuracy > HL statistics to 

account for both discrimination and calibration measures. If the model has the highest AUC 

value, it is selected. If two models have the same AUC value, the model with the higher 

accuracy is selected. If two models have the same AUC and accuracy value, the model with 

the higher HL statistics is selected. The best model from the first group and that of the second 

group are combined to form the union set of the best independent variables which are then 

again run again ten times in glmulti function with GA and polr fit function. These final ten 

models are run three times in different randomly sampled data by the holdout method as 

mentioned in the previous section and are compared based on the significant difference in 

six discrimination evaluation measures, precision, sensitivity, specificity, accuracy, F1, and 

AUC, and one calibration evaluation measure, HL statistic. The top 50% of the best 

performing models across all evaluation measures are then intersected to select the best 

model. If there are multiple models or no model in this final intersected set, the model that 



 

182 

ranks higher more frequently than the rest is selected as the best model. This procedure is 

performed for all four volatility metrics. 

The evaluation measures described in section 6.3 are calculated as follows. Accuracy 

is calculated by counting the correct predictions from total predictions. Confusion Matrix is 

calculated using confusionMatrix function from the R package CARET, a collection of 

miscellaneous functions for training and plotting classification and regression models [312]. 

The output produces all relevant evaluation measures, but only sensitivity, specificity, 

precision, recall, and F1 are extracted as the average of all three levels of each volatility 

metric. ROCs for all three levels of each volatility is calculated using multiclass.roc function 

from the R package PROC, a collection of tools for visualizing and computing ROC curves 

and AUC values [313]. The function produces pairwise averaged multiclass AUC value as 

defined by Hand and Till [313,314]. 𝐻𝐿 statistics and corresponding p-values for all three 

levels of each volatility metric is calculated using logitgof function from the R package 

GENERALHOSLEM which includes functions to assess the goodness of fit of binary, 

multinomial, and ordinal logistic models [315]. 

7.2. Implementation of Artificial Neural Networks 

The R package called RSNNS , a library interface to the Stuttgart Neural Network 

Simulator (SNNS) developed at the Institute for Parallel and Distributed High Performance 

Systems (IPVR) at the University of Stuttgart is used for ANN analysis [316]. The package 

contains many standard and common implementations of neural networks architectures such 

as multilayer perceptions, recurrent networks, radial basis function networks, Hopfield 
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networks, self-organizing maps, adaptive resonance theory networks, etc. [316]. The 

multilayer perceptron network architecture or BPANN described in section 6.2.1 is used to 

model the relationship between the complex network metrics and the volatility metrics using 

the function mlp. The function can train the network usually using backpropagation 

algorithms such as standard backpropagation, backpropagation with momentum, 

backpropagation with weight decay, Rprop, Quickprop, etc. [316]. The function’s input 

arguments include training input (x), training output (y), testing input (inputsTest), testing 

output (targetsTest), the vector of the number of hidden neurons in the hidden layers (size), 

maximum number of learning iterations (maxit), the activation function for hidden neurons 

(hiddenActFunc), the activation function for output units (outputActFunc), the network 

initialization function and its parameters (initFunc and initFuncParams), the learning 

function and its parameters (learnFunc and learnFuncParams), the weight update function 

(updateFunc), the pruning function and its parameters (pruneFunc and pruneFuncParams), 

and the logical value to shuffle data points [316]. In this dissertation, the number of hidden 

neurons is varied in single hidden layer with maximum one hundred number of iterations 

with batch training (BT) mode. Although there are some suggestions for selecting the number 

of hidden neurons as described in section 6.2.2 most of which are dependent on problems, 

data sets, and ANN types, it is arbitrarily varied from 2 neurons to 150 neurons with two 

neurons increments in this dissertation. The activation function for hidden neurons and 

output units is the logistic sigmoid function. The network is initialized using 

Randomize_Weights function which initializes all weights and the bias with distributed 

random values within the range of its default parameter values (−0.3, 0.3) [316] which is 



 

184 

similar to the recommendation by [228]. The learning function used is BackpropMomentum, 

a backpropagation algorithm with the parameters, learning rate (𝜂), momentum coefficient 

(𝜇), error flat spot elimination value added to the derivative of the activation function to pass 

flat spots of the error surface (𝑐) , and maximum tolerated difference between input and 

output (𝑑𝑚𝑎𝑥) [316] with their values (0.2, 0.9, 0.1, 0). The learning rate and momentum 

coefficient values are close to the recommendations by [225], and the maximum tolerated 

difference and error spot elimination values are default recommended values in the package 

[316]. The most favorable weight update mode for feedforward nets as recommended by the 

package, topological order update function, is used to process the network layer by layer 

from the input layer to the output layer [316]. More details of the input arguments are not 

discussed here for brevity and can be explored in respective references and Appendix E. 

Similar to the way the randomly selected population of the GA affects the final best 

model, in ANN analysis, the initialization of the neuron connection weights as mentioned 

above may affect the network convergence and performance within the set number of 

iterations for a certain number of hidden neurons although other ANN parameters are kept 

constant. Since the number of hidden neurons are varied in two neurons incremental loop 

from 2 to 150 neurons totaling 75 ANNs, the connection weights are also initialized 

randomly within the (−0.3, 0.3) range at each step. Therefore, it may be difficult to relate 

the ANN performance with the increasing number of hidden neurons. Similar to the approach 

taken in RA, the loop is run ten times and the results are averaged for each ANN. This is 

done three times in different randomly sampled data by the holdout method as in the 

implementation of the RA. Only those ANNs that result in AUC values greater than or equal 
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to 0.5 are considered. As in RA, the ANNs are then compared based on the significant 

difference in six discrimination evaluation measures, precision, sensitivity, specificity, 

accuracy, F1, and AUC, and one calibration evaluation measure, HL statistic. The top 50% 

of the best performing ANNs across all evaluation measures are then intersected to select the 

best ANN. If there are multiple ANNs or no ANN in this final intersected set, the ANN that 

ranks higher more frequently than the rest with the number of hidden neurons as small as 

possible is selected as the best ANN because the large number of hidden neurons may result 

in overfitting. This procedure is performed for all four volatility metrics. The evaluation 

measures are also computed as in RA implementation presented in the previous section. 

7.2.1. Correlation of ANNs to Feature Selection Filter Methods  

Unlike the implementation of RA that utilizes the GA to select the subset of useful 

complex network metrics for the model performance, ANN analysis implementation 

mentioned above does not choose the useful subset of complex network metrics, but rather 

gives the relative variable importance of all complex network metric inputs in the ANN. This 

variable importance can be regarded as an indicator of influence or relevance of inputs on 

the ANN performance. It can be computed as the sum of the product of raw input-hidden, 

hidden-output connection weights as defined in [317] and the inputs can be ranked based on 

their variable importance values. In this dissertation, it is considered beneficial to explore if, 

without having to invest in the computational expense of the ANN analysis, this relevance 

ranking of complex network metric inputs can be found out using more computationally 

efficient approaches, such as, feature selection filter methods [318] that are able to determine 
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the relevance of the inputs in relation to the output in the form of a ranking. By exploring 

how the input variable importance ranking by BPANNs is correlated to the input relevance 

ranking of feature selection filter methods, it may be possible to find out the important inputs 

earlier in more computationally efficient manner. 

The process of determining which inputs or features are really important for the 

output to reduce computational complexity and data dimension is called dimensionality 

reduction [319]. Two main categories of reducing dimensions are feature extraction and 

feature selection [318,319]. Feature extraction approaches transform the original feature 

space into new lower dimensional feature space (e.g. Principal Component Analysis [320]), 

and they are difficult to interpret in the original feature space and less effective in case of 

high number of features [318]. Feature selection approaches reduce the feature 

dimensionality by removing irrelevant or redundant features for the computational method 

or the learner to perform well [319]. Feature selection approach is stated to be a preferred 

approach in the literature because it is robust against irrelevant features and maintains the 

original feature space for better interpretability [318,321]. Since the requirement volatility 

analysis in this dissertation is a supervised analysis, a brief background of feature selection 

approaches for supervised learning is introduced here. Feature selection approaches typically 

can be categorized into two types of methods, wrappers and filters [322]. Wrapper methods 

attempt to find the useful feature subset using the performance of the learner or classifier as 

objective function [323]. Evaluating every possible feature subset is computationally 

demanding, and wrappers methods employs sequential selection algorithms such as 

Sequential Forward Selection (SFS) and Sequential Backward Selection (SBS) and other 

heuristic search algorithms such as Genetic Algorithm (GA), Ant Colony Optimization 
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(ACO), and Particle Swarm Optimization (PSO) [321,323]. Although wrappers can often 

give better results in terms of the performance of the learner, their disadvantage include not 

only overfitting and high computational cost [322,324], but also the need for re-execution 

for different learners or classifiers [322]. Filter methods are independent of the learner or 

classifier and evaluate the relevance or discriminant power of features based on 

characteristics of the data with regard to targeted output [318,322,325]. Filters use feature 

ranking techniques to give a score to individual feature to obtain the ranking of features on 

which a threshold may be applied to select desired number of features, and therefore, act as 

preprocessing methods [321,323]. Although filter methods may not produce results in terms 

of the learner’s performance as satisfactory as in wrapper methods and a selection threshold 

needs to be determined, they can be used with any learner or classifier and the feature 

relevance is computed in computationally fast and scalable manner [318,319,321–323]. 

Therefore, filter methods are explored in this dissertation. In addition, the ranking order of 

features produced by filter methods makes the correlation analysis with input variable 

importance ranking produced by BPANNs possible.  

The most common filter methods found in the literature include Correlation Criteria 

(CC), Chi-Square (CHI), Information Gain (IG), Minimum Redundancy-Maximum 

Relevance (mRMR), Relief (RLF) method, Gini index, Correlation-based Feature Selection 

(CFS) method, etc. [318,319,321,323]. For the correlation analysis with input importance by 

BPANNs, Correlation Criteria (CC), Chi-Square (CHI), Information Gain (IG), Minimum 

Redundancy-Maximum Relevance (mRMR), and Relief (RLF) method are selected. IG and 

CHI are chosen due to their proven performance in studies such as [326], [327], [319], and 
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[328]. mRMR and RLF are selected due to their performances in [325,329] and [330,331] 

respectively.  

Correlation Criteria: Correlation Criteria (CC) is the simplest filter method and is simply 

the Pearson correlation coefficient that can only detect linear dependency between the input 

and the output [321,323,332]. It is given by the following equation where 𝑋 is the input, 𝑌 

is the output, 𝑣𝑎𝑟() is the variance, and 𝑐𝑜𝑣() is the covariance.  

𝑅 =
𝑐𝑜𝑣(𝑋, 𝑌)

√𝑣𝑎𝑟(𝑋) ∗ 𝑣𝑎𝑟(𝑌)
 (57) 

Chi-Square: Chi-Square (CHI) statistic is the method that test the independence between 

two variables which are defined to be independent if 𝑃(𝑋𝑌) = 𝑃(𝑋)𝑃(𝑌), or equivalently, 

𝑃(𝑋|𝑌) = 𝑃(𝑋) and 𝑃(𝑌|𝑋) = 𝑃(𝑌) [321]. In feature selection, it tests the independence 

between the occurrence of input 𝑋 and occurrence of output 𝑌 [321,326,333,334]. It takes 

the value of zero if they are independent and is given by the following equation where 𝑁 is 

the observed value, 𝐸 is the expected value, 𝑒𝑡 is the instance indicating the occurrence of 𝑋 

and 𝑒𝑐 is the instance indicating the occurrence of 𝑌. 

𝑋2(𝑋, 𝑌) = ∑ ∑
(𝑁𝑒𝑡𝑒𝑐 − 𝐸𝑒𝑡𝑒𝑐)

2

𝐸𝑒𝑡𝑒𝑐𝑒𝑐{0,1}𝑒𝑡{0,1}

 (58) 

Information Gain: Information Gain (IG) is a measure of relevancy between two variables 

based on information theoretic criteria represented by the entropy, the measure of 

information uncertainty [319,322,323]. If the first equation in Equation 59 is the entropy in 

the output 𝑌  and the second equation is the conditional entropy of 𝑌  given 𝑋 , then the 

decrease in uncertainty in 𝑌  by observing 𝑋  shown by the third equation shows the 

dependency or relationship between 𝑋  and 𝑌  representing the additional information 
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provided by 𝑋 to determine 𝑌 [322,323,332]. This quantity takes the value of zero if 𝑋 and 

𝑌 are independent and is called the Information Gain (IG) or mutual information between 𝑋 

and 𝑌  [322]. The summation notions shown in the second equation are replaced by the 

integral notations for continuous variables [323]. 

𝐻(𝑌) = −∑ 𝑝(𝑦)log (𝑝(𝑦)𝑦𝑌 ) 

𝐻(𝑌|𝑋) = − ∑ ∑ 𝑝(𝑥, 𝑦)log (𝑝(𝑦|𝑥))

𝑦𝑌𝑥𝑋

 

𝐼(𝑌, 𝑋) = 𝐻(𝑌) − 𝐻(𝑌|𝑋) = 𝐻(𝑋) − 𝐻(𝑋|𝑌) 

(59) 

Minimum Redundancy-Maximum Relevance: Minimum Redundancy-Maximum 

Relevance (mRMR) is the method which by using the mutual information, maximizes the 

relevance between the input 𝑋𝑖  and the output 𝑌 , but considers and minimizes the 

redundancy among inputs in the selected set of inputs [319,325,329]. The max-relevance 

criterion searches the inputs that maximizes the quantity shown in the first equation of 

Equation 60 approximating the mean value of all mutual information values between 

individual inputs and the output. The min-redundancy criterion condition shown in the 

second equation is to select mutually exclusive inputs that minimizes the mutual information 

between the inputs. The method then maximizes the function shown in the third equation 

satisfying the min-redundancy-max-relevance criterion. In the practically implemented 

incremental algorithm, supposing the input set 𝑆𝑚−1  with (𝑚 − 1)  inputs is already 

selected, the task is to select 𝑚𝑡ℎ input from the set {𝑋 − 𝑆𝑚−1} by selecting the input that 

maximizes the condition shown below the third equation. It is the input ranking method and 

the user need to select the number of inputs returned. 
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max𝐷(𝑆, 𝑌), 𝐷 =
1

|𝑆|
∑ 𝐼(𝑋𝑖 , 𝑌)

𝑋𝑖𝑆

 

min𝑅(𝑆), 𝑅 =
1

|𝑆|2
∑ 𝐼(𝑋𝑖 , 𝑋𝑗)

𝑋𝑖,𝑋𝑗𝑆

 

max  (𝐷, 𝑅),  =𝐷 − 𝑅 

𝑚𝑎𝑥𝑋𝑗𝑋−𝑆𝑚−1
[𝐼(𝑋𝑗 , 𝑌) −

1

𝑚 − 1
∑ 𝐼(𝑋𝑗 , 𝑋𝑖)

𝑋𝑖𝑆𝑚−1

 

(60) 

Relief: Relief (RLF) is the filter method that estimates the worth of the input, 𝑅𝑒𝑙𝑖𝑒𝑓𝑋, based 

on how well their values distinguish among two types of near instances, one type of the same 

class (near hits) and the other of the different class (near misses) [319,330,331]. It is based 

on the rationale that good inputs should have the same values for instances of the same class 

and different values for a different class, approximating the difference of probabilities shown 

in the first equation of Equation 61 which can be reformulated as shown in the second 

equation where Gini’ is the modification of another feature ranking filter criterion called Gini 

index [322,330]. Relief-F is the multiclass extension of the original Relief allowing user-

configured number of near instances and finds one near miss for each different class to 

average their contribution which is weighted with the prior probability of each class 

[319,330]. 

𝑅𝑒𝑙𝑖𝑒𝑓𝑋 = 𝑃(𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑋|𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡 𝑐𝑙𝑎𝑠𝑠)

− 𝑃(𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑋|𝑠𝑎𝑚𝑒 𝑐𝑙𝑎𝑠𝑠) 

𝑅𝑒𝑙𝑖𝑒𝑓𝑋 =
𝐺𝑖𝑛𝑖′ ∗ ∑ 𝑝(𝑥)2

𝑥𝑋

(1 − ∑ 𝑝(𝑐)2
𝑐𝐶 )∑ 𝑝(𝑐)2

𝑐𝐶

 

(61) 

There are several correlation measures to identify association between two 

continuous or ordinal variables. If the two variables are normally distributed and have 

monotonic relationship, a parametric correlation measure, Pearson correlation coefficient, 

can be used to measure how they are dependent linearly on a scale of -1 to +1 from perfect 
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negative to perfect positive correlation by testing the null hypothesis that there is no 

correlation between them [335]. However, in this dissertation, as presented in the Chapter 4, 

the input variable importance of BPANNs and the scores of the inputs given by the feature 

selection filter methods are not normally distributed and have non-monotonic relationship, 

and therefore, non-parametric correlation measures that do not assume underlying 

distributions of the variables are used [335,336].  

Spearman correlation coefficient: One such widely used measure based on data rank is the 

Spearman correlation coefficient that tests the null hypothesis that the two variables are 

mutually independent with either the bilateral alternative hypothesis that there is either a 

positive or negative correlation or the unilateral hypothesis that there is a positive (or 

negative) correlation [336]. If there are two variables 𝑋 = (𝑋1, 𝑋2, … , 𝑋𝑛)  and 𝑌 =

(𝑌1, 𝑌2, … , 𝑌𝑛)  of sample observation size 𝑛  with 𝑅𝑋𝑖
  denoting the rank of 𝑋𝑖  and 𝑅𝑌𝑖

 

denoting the rank of 𝑌𝑖  in increasing order. The Spearman correlation coefficient is 

calculated as shown in Equation 62 which takes the values on a scale of -1 to +1 from perfect 

negative to perfect positive correlation [336]. 

 = 1 −
6∑ 𝑑𝑖

2𝑛
𝑖=1

𝑛(𝑛2 − 1)
 

𝑤ℎ𝑒𝑟𝑒, 𝑑𝑖 = 𝑅𝑋𝑖
− 𝑅𝑌𝑖

 

(62) 

If there are observations with tied values, they are given average rank and the Spearman 

correlation coefficient is calculated as shown in Equation 63 [336]. 

 =
𝑆𝑥 + 𝑆𝑦 − ∑ 𝑑𝑖

2𝑛
𝑖=1

2√𝑆𝑥𝑆𝑦

 

𝑆𝑥 =
𝑛(𝑛2 − 1) − ∑ (𝑡𝑖

3 − 𝑡𝑖)
𝑔
𝑖=1

12
 

(63) 
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𝑆𝑦 =
𝑛(𝑛2 − 1) − ∑ (𝑡𝑗

3 − 𝑡𝑗)
ℎ
𝑗=1

12
 

𝑤ℎ𝑒𝑟𝑒, 𝑔 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑔𝑟𝑜𝑢𝑝𝑠 𝑤𝑖𝑡ℎ 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑟𝑎𝑛𝑘𝑠 𝑖𝑛 𝑋 

𝑡𝑖 = 𝑠𝑖𝑧𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑔𝑟𝑜𝑢𝑝 𝑖 

ℎ = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑔𝑟𝑜𝑢𝑝𝑠 𝑤𝑖𝑡ℎ 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑟𝑎𝑛𝑘𝑠 𝑖𝑛 𝑌 

𝑡𝑗 = 𝑠𝑖𝑧𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑔𝑟𝑜𝑢𝑝 𝑗 

If each observation is a group of size one, i.e., there is no average rank, Equation 63 is the 

same with Equation 62 with 𝑔 = ℎ = 𝑛, 𝑡𝑖 = 𝑡𝑗 = 1, and 𝑆𝑥 = 𝑆𝑦 =
𝑛(𝑛2−1)

12
 [336]. The null 

hypothesis with the bilateral alternative hypothesis is rejected if  > 𝑡𝑛,1−


2
 or  < 𝑡𝑛,



2
 and 

the null hypothesis with the unilateral alternative hypothesis is rejected if  > 𝑡𝑛,1− or  <

𝑡𝑛, where 𝑡 is the critical value in the Spearman table and  is the significant level [336]. If 

the corresponding p-value is less than the significant level, the null hypothesis that there is 

no correlation is rejected and the alternative hypothesis that there is correlation is accepted. 

The opposite is true if the p-value is greater than the significant level. 

Kendall correlation coefficient: Kendall correlation coefficient is similar non-parametric 

measure for correlation. Similar to the Spearman correlation coefficient, it tests the null 

hypothesis that the two variables are mutually independent with either the bilateral 

alternative hypothesis that there is either a positive or negative correlation or the unilateral 

hypothesis that there is a positive (or negative) correlation [337]. If there are two variables 

𝑋 = (𝑋1, 𝑋2, … , 𝑋𝑛)  and 𝑌 = (𝑌1, 𝑌2, … , 𝑌𝑛)  of sample observation size 𝑛 , the observation 

pairs (𝑋𝑖 , 𝑌𝑖) and (𝑋𝑗, 𝑌𝑗) are concordant if the two members of one pair are greater than the 

respective members of the other pair [337]. For example, (0.5,1) and (1.5,2) are concordant 

because the members of the second pair are larger than the members of the first. If the two 

members of one pair is in opposite order to the respective order of the other pair, the 
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observation pairs are discordant [337]. For example, (0.8,2.5)  and (1.1,2)  are discordant 

because the first member in the first is smaller than its respective member in the second and 

the second member in the first is larger than its respective member in the second. Kendall 

correlation coefficient-a for no tied values is given by Equation 64 which takes the values 

on a scale of -1 to +1 from perfect negative to perfect positive correlation [337]. Kendall 

correlation coefficient-b which accounts for tied values is given by Equation 65 [192,335].  

𝑎 =
2(𝑁𝑐 − 𝑁𝑑)

𝑛(𝑛 − 1)
 

𝑤ℎ𝑒𝑟𝑒, 𝑁 = 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑖𝑟𝑠 =
𝑛(𝑛 − 1)

2
= 𝑁𝑐 + 𝑁𝑑 

𝑁𝑐 = 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑖𝑟𝑠 𝑜𝑓 𝑐𝑜𝑛𝑐𝑜𝑟𝑑𝑎𝑛𝑡 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 

𝑁𝑑 = 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑖𝑟𝑠 𝑜𝑓 𝑑𝑖𝑠𝑐𝑜𝑟𝑑𝑎𝑛𝑡 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 

(64) 

𝑏 =
(𝑁𝑐 − 𝑁𝑑)

√(𝑁𝑐 + 𝑁𝑑 + 𝑁𝑥)(𝑁𝑐 + 𝑁𝑑 + 𝑁𝑦)
 

𝑤ℎ𝑒𝑟𝑒, 𝑁 = 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑖𝑟𝑠 =
𝑛(𝑛 − 1)

2
= 𝑁𝑐 + 𝑁𝑑 + 𝑁𝑥 + 𝑁𝑦 + 𝑁𝑥𝑦  

𝑁𝑥 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑒𝑑 𝑝𝑎𝑖𝑟𝑠 𝑜𝑛𝑙𝑦 𝑜𝑛 𝑋 

𝑁𝑌 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑒𝑑 𝑝𝑎𝑖𝑟𝑠 𝑜𝑛𝑙𝑦 𝑜𝑛 𝑌 

𝑁𝑥𝑦 = 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑒𝑑 𝑝𝑎𝑖𝑟𝑠 𝑜𝑛 𝑏𝑜𝑡ℎ 𝑋 𝑎𝑛𝑑 𝑌 

(65) 

The null hypothesis with the bilateral alternative hypothesis is rejected if  > 𝑡𝑛,1−


2
 or  <

𝑡𝑛,


2
 and the null hypothesis with the unilateral alternative hypothesis is rejected if  > 𝑡𝑛,1− 

or  < 𝑡𝑛, where 𝑡 is the critical value in the Kendall table and  is the significant level 

[337]. If the corresponding p-value is less than the significant level, the null hypothesis that 

there is no correlation is rejected and the alternative hypothesis that there is correlation is 

accepted. The opposite is true if the p-value is greater than the significant level. 

Using the R package NEURALNETTOOLS, the ANNs are visualized using the 

plotnet function and the variable importance of inputs are computed using the olden function 

as defined by Olden in [317]. Correlation Criteria (CC) is computed using rcorr function 
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from the R package HMISC containing useful functions for biostatistics [338]. Using the R 

package FSELECTOR containing functions for attribute or feature selection, Chi-Square 

(CHI) is computed using chi.squared function, Information Gain (IG) is computed using 

information.gain function, and Relief-F is computed using relief function [339]. Minimum 

Redundancy-Maximum Relevance (mRMR) is computed using mRMR.classic function from 

the R package MRMRE designed to compute variable mutual information matrices with a 

focus on mRMR technique [340]. Kendall correlation coefficient-b is computed using 

corr.test function from the R package PSYCH, a toolbox developed generally for personality, 

psychometric theory, and experimental psychology [341]. Spearman rank correlation is 

computed using the same function or the rcorr function from the R package HMISC [338]. 

Correlations are plotted using corrplot function from the R package CORRPLOT which 

contains algorithms for graphical display of correlation matrix or general matrix and matrix 

reordering [342]. The details of the arguments of these functions are not discussed here for 

brevity and can be explored in respective references and Appendix E. 

7.3. Implementation of Multilabel Learning Methods 

In this dissertation, widely used MLL methods found in the literature from both 

PTMs and AAMs are selected to cover diverse types of methods to comprehensively explore 

their computational capabilities. As shown in Figure 49, from among PTMs presented in 

section 6.4.2, two binary methods (BR and CC), three label combination methods (LP, PS, 

and HOMER), one pairwise method (CLR), and three EMs of PTMs (ECC, EPS, and 

RAkEL) are selected and four machine learning base classifiers (NB, DT, SVM, and NN) 
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are applied on them. From among AAMs presented in section 6.4.3, one nearest neighbor 

AAM (MLKNN), one artificial neural network AAM (BPMLL), and one EM of AAM 

(AdaBoost.MH) are selected. All 18 evaluation measures presented in section 6.5, six 

example-based measures (hamming-loss, subset accuracy, precision, recall, F1, and 

accuracy), eight label-based measures (micro precision, micro recall, micro F1, micro AUC, 

macro precision, macro recall, macro F1, and macro AUC), and four rankings-based 

measures (one-error, coverage, ranking loss, and average precision) are selected to evaluate 

the selected PTMs and AAMs. In addition, four feature selection filter methods as proposed 

in [343] are applied on the complex network metric inputs before running MLL method 

analyses. As in [343], the multilabel dataset is first transformed using two PTMs: BR method 

that simply transforms the data into single label datasets, one for each individual label, but 

does not account for dependence within labels, and LP method that directly transforms the 

data into one single label dataset by taking each combination of labels as a distinct label 

value to account for label dependence as described in section 6.4.2. After BR transformation, 

the contribution of each complex network metric inputs to predict each individual label is 

measured and averaged across labels using two feature selection filter methods, Relief (RLF) 

and Information Gain (IG). The same procedure is also performed after LP transformation, 

but without averaging since LP transformed data has only the combination of labels as the 

distinct label value. This results in total four feature selection methods for MLL analyses, 

BR-RF, BR-IG, LP-RF, and LP-IG. Using these four feature rankings, the number of 

complex network metrics is varied arbitrarily based on decreasing order of scores starting 

from the top 7 metrics with an increment of seven with the last step including all 49 metrics. 
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Figure 49: Employed Multilabel Learning Methods 

Four of the PTMs, BR, CC, LP, and CLR do not need any parameter setting. 

However, in ECC, the number of models is set to 10 as in [241]. In RAkEL, as in [241], the 

number of models is set to min (2 ∗ 𝑄, 100), in this dissertation, min(2 ∗ 12, 100) = 24, 

and the size of the label set is set to 𝑄/2, in this dissertation, 
12

2
= 6. In PS, as in [292], the 

number of data point required for a label set to be included is set to 𝑝 = 1, the strategy for 

processing infrequent label sets is set to option 𝐵 to keep all subsets greater than parameter 

𝑏 = 2. In EPS, the parameters set in PS are kept the same with the number of models set to 

10 and the voting threshold set to 0.5 as in [292]. In HOMER, balanced clustering is used 

with the parameter 𝑘 = 3  as in [292]. Four base classifiers, NB, DT with J48 algorithm, 

SVM with SMO algorithm, NN with IBk algorithm are applied with default parameters. In 

MLKNN, the value of k is varied from one up to square root of the number of data points as 

in [344] at 5 steps increment of six (𝑘 = {1, 6, 12, 18, 24}). In BPMLL, as in [302], at each 
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step of complex network metrics inputs, the number of hidden neurons is set equal to 20% 

of the number of complex network metrics inputs with other parameters kept constant. 

AdaBoost.MH is run with default settings. 

For the implementation of MLL methods analysis, MULAN, an open source Java 

library for multilabel learning, which is developed by the team led by Dr. Tsoumakas at the 

Aristotle University of Thessaloniki (AUTH) in Greece is employed [345]. The library 

contains all the Java packages necessary for the employed MLL methods, base classifiers, 

evaluation measures, and feature selection filter methods. The rest of the detailed 

implementation are not discussed here for brevity and can be explored in Appendix F. More 

details on the library can be found in [345].  

7.4. Performance Comparisons of Computational Models 

The comparisons of computational models produced by the employed computational 

methods require systematic comparison of evaluation measures of all the models. When the 

data is under normality assumption, this can be done by two-way analysis of variance 

(ANOVA) test with treatment and block factors, in this dissertation, treatments being the 

evaluation measures and blocks being models under comparison [346]. However, it is found 

out that the evaluation measures data is not normal as presented in Chapter 8. Therefore, 

Friedman test [347,348], a nonparametric test without distributional assumptions, that 

depends on the ranks of the data is used to test the null hypothesis of interest that there is no 

difference in performance between all the compared models [346]. The test assumes the data 

to be independent across the blocks and quantitative in nature (continuous, ordinal, interval, 
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or ratio scale) so the rank transformation can be done [346]. If the data is collected 𝑗 of 𝑁 

blocks over each 𝑘 treatments, the Friedman test converts the original scores within each 

block into ranks 𝑅𝑗𝑘 with smaller values receiving higher ranks and average ranks for tied 

cases [349]. The mean of ranks for each block are the same, but the mean of ranks for 

treatments will not be the same if affected by differences in treatments [349]. The Friedman 

test statistic is calculated as shown in Equation 66. The exact distribution can be obtained by 

calculating all possible values of the test statistic by distributing the rank values within and 

across blocks in all possible combination using permutation, and the p-value can be 

determined by the proportion of values greater than the calculated test statistic value [349]. 

The test statistic can also be approximated by the chi-square distribution with (𝐾 − 1) 

degree of freedom and corresponding p-value [346,349]. If the p-value is less than the 

significant level, the null hypothesis that there is no differences between treatments is 

rejected, then the alternative hypothesis that there is at least one treatment with different 

values than at least one other treatment is accepted [346,349]. The opposite is true if the p-

value is greater than the significant level. 

𝐹𝑟𝑖𝑒𝑑𝑚𝑎𝑛 𝑇 =
𝑁∑ (𝑅.𝑘

̅̅ ̅̅ − 𝑅. .̅̅ ̅̅ )2𝐾
𝑘=1

∑ ∑ (𝑅𝑗𝑘 − 𝑅. .̅̅ ̅̅ )
2𝐾

𝑘=1
𝑁
𝑗=1

𝑁(𝐾 − 1)

 

𝑤ℎ𝑒𝑟𝑒, 𝑅.𝑘
̅̅ ̅̅ = 𝑚𝑒𝑎𝑛 𝑟𝑎𝑛𝑘 𝑣𝑎𝑙𝑢𝑒 𝑓𝑜𝑟 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑘 

𝑅..
̅̅̅ = 𝑔𝑟𝑎𝑛𝑑 𝑚𝑒𝑎𝑛 𝑜𝑓 𝑎𝑙𝑙 𝑟𝑎𝑛𝑘 𝑣𝑎𝑙𝑢𝑒𝑠 

𝑅𝑗𝑘
̅̅ ̅̅ = 𝑟𝑎𝑛𝑘 𝑣𝑎𝑙𝑢𝑒 𝑓𝑜𝑟 𝑏𝑙𝑜𝑐𝑘 𝑗 𝑎𝑛𝑑 𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 𝑘 

(66) 

When the null hypothesis is rejected by the Friedman test, it may be of interest to 

find out which treatment is different from which others. Statistical tests that can address this 

interest are called post hoc multiple comparison tests which compare the treatments pairwise 
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for all pairs accounting for the control of the family wise error rate [350]. The family wise 

error rate or Type I error (rejection of true null hypothesis) is the probability of making at 

least one false conclusion in a series of hypothesis tests as these tests compare multiple pairs 

of treatments [351]. A p-value based on a significant level of a certain comparison reflects 

only the Type I error of that comparison and not of the remaining comparisons. If the 

significance level , the probability of not making a Type I error in a single comparison is 

(1 − ) and (1 − )𝑚 in m comparisons, therefore, the probability of making at least one 

Type I error is 1 − (1 − )𝑚  which is high [351,352]. To address this, many post hoc 

multiple comparison tests employ different procedures of adjusting the value of significant 

level to control the Type I error.  

The most common post hoc multiple comparison test after nonparametric Friedman 

test is the Nemenyi test and it is employed in this paper as it is recommended by studies such 

as [350]. It has also been implemented and benchmarked in algorithm performance 

comparison studies such as [241] and [353]. Any two treatments are different significantly 

if their mean ranks differ by at least Nemenyi test’s test statistic, critical difference (CD), 

calculated using Equation 67 [350] where 𝑞 is the critical value at the significance level  

based on the Studentized range statistic divided by √2 which can be found in statistical tables 

such as [354]. It adjusts the significant level by dividing it by the number of comparisons 

carried out [350,351] with mathematical details described in [355]. However, Nemenyi test 

is often criticized as low power and conservative procedure [350]. 

𝐶𝐷 = 𝑞√
𝑘(𝑘 + 1)

6𝑁
 (67) 
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Another approach for the multiple comparison is to use any classical tests for 

pairwise differences such as Friedman post hoc test, Friedman aligned test, Quade test, etc. 

and then use significant level adjustment procedures such as Bonferroni-Dunn, Holm, 

Hochberg, Li, Shaffer, etc. for multiple comparisons [351,352]. This type of approach is also 

employed in this dissertation as a more statistically powerful approach in addition to the 

Nemenyi test. The Friedman post hoc test statistic as shown in Equation 68 [351,352,356] 

where 𝑅𝑠 are mean ranks is used as the classical test to obtain the p-values using a normal 

approximation. According to the recommendation by [351], the p-values are then adjusted 

using Shaffer’s static procedure making use of the logical relations of hypotheses, details of 

which are described in [357]. 

𝑧 =
𝑅𝑖 − 𝑅𝑗

√𝑘(𝑘 + 1)
6𝑁

 
(68) 

In this dissertation, the distributions of data are plotting using plotDensities function 

from the R package SCMAMP developed for assessing the performance of different 

algorithms [358]. Using the same package, the Friedman test is conducted by either 

friedmanTest function or multipleComparisonTest wrapper function for multiple comparison 

tests, the Nemenyi test by nemenyiTest function, critical difference (CD) plots shown in 

Demsar by plotCD function, Shaffer post hoc test by postHocTest wrapper function for post 

hoc tests, and p-values plots by plotPvalues function. 
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7.5. Case Study Background 

Since the main goal of this research is to develop computational models that can be 

deployed in real world applications, it is important that these models can be generalized and 

validated against industrial studies using correctly documented requirement change data 

collected from diverse projects. For this research, requirements and requirement change 

propagation data documented from three heterogenous industrial case studies in varying 

format by different stakeholders is employed. The case study projects’ timeline ranges from 

0.75 to 2 years and cost ranges from 700,000 to 2,500,000 in USD. There are total 575 

requirements and 16 requirement changes. Moreover, the studies can point out the models’ 

ability to assist designers and engineers in managing the engineering change propagations in 

requirement domain along the design process. This section describes a brief background of 

the corporation and the backgrounds of industrial studies, their engineering and 

corresponding requirement changes. 

7.5.1. Corporation Background 

The industrial studies will be performed on different projects of Automation 

Engineering Corporation’s (AEC) design process that dealt with different clients from 

different industries. AEC is a suitable target for this research since the projects are 

heterogeneous, investigable, and manageable. Moreover, readily available information at 

AEC also made the projects ideal industrial studies sources. AEC’s in-house data 

management system contains stored files and information for each project such as initiation 

documentation, requirement specifications, tasks and activities allocations, and budget 
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updates which can be accessed by different users to input, review, update, and process 

information. Among all the information and documentation within AEC, engineering 

changes were found documented in engineering change notification documents which 

contained most of the information and data needed for performing requirement change 

propagation analysis. 

7.5.2. Case Studies Background 

 The first study deals with a project which involves creation of yarns on a spool or 

comb using an automated creel system [8]. A creel is used for holding all the combs as the 

yarn fills each one of them simultaneously. The yarn comb sits on a spindle and collects yarn. 

Figure 50. shows an example of a full creel system. The duration of the project was 

approximately fifteen months involving fifteen managers, engineers, and business associates 

and the cost of the project is over two million dollars [8]. The responsibility of the engineers 

was to work on specific subsystem of the product satisfying a contract dealing with 159 

requirements. The background and details of engineering changes in this case study are 

described in [8]. Table 24 below shows the requirement changes that are affected by the 

engineering changes. 
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Figure 50: Example Creel System [8,359] 

Table 24: Case Study 1 Requirement Changes [8,138] 

 
Initiated 

Requirements I.D 

Immediate 

Changed 

Requirements I.D 

Propagated 

Requirements I.D 

Change Instance 1 [91] - [110] 

Change Instance 2 [91] - [113] 

Change Instance 3 [91] [110] [113] 

Change Instance 4 [110] - [113] 

Change Instance 5 [110] [91] [113] 

The second project deals with an assembly line design for the development of an 

exhaust gas recirculation bypass flap which is shown in Figure 51. The requirements 

document was developed consisting of requirements for each assembly station. In addition 

to the fabrication of each station, the transportation of the bypass flap from station to station 

and the changeover for different bypass flap models was important to the design 

development of the assembly line [8]. The budget was approximately one million dollars and 
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the duration of the project was nearly one year [8]. The number of requirements of this 

project was 214. The background and details of engineering changes in this case study are 

described in [8]. Table 25. Shows the requirement changes that are affected by the 

engineering changes. 

 

Figure 51: Case Study 2 Exhaust Gas Bypass Flap [8,360] 

Table 25: Case Study 2 Requirement Changes [8,138] 

 
Initiated 

Requirements I.D 

Immediate 

Changed 

Requirements I.D 

Propagated 

Requirements I.D 

Change Instance 1 [138] - [17] 

Change Instance 2 [138] - [25] 

Change Instance 3 [138] [17], [20] [25] 

Change Instance 4 [17] [138], [20] [25] 

Change Instance 5 [20] - [25] 

Change Instance 6 [20] [138], [17] [25] 

Change Instance 7 [76] - [98] 
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The last case study is the development project of a threading stations for pipes for a 

customer with annual capacity of 150 kilotons of pipe. Threading is needed to be performed 

on pipes and AEC was tasked with developing an automated manufacturing line for pipe 

threading. The pipes are threaded and inspected on a skid table. This process is named “Pin 

End” processing. The diameters of the pipes ranges from 4.5” to 13.5” and the length of the 

pipes range from 25’ to 45’. The pipes are also made of varying material grades. Figure 52 

shows example pipe threading in this project. The number of requirements of this project 

was 202. The background and details of engineering changes in this case study are described 

in [8]. Table 26 shows the requirement changes that are affected by the engineering changes. 

 

Figure 52: Pipe Threading [8] 

Table 26: Case Study 3 Requirement Changes [8,138] 

 
Initiated 

Requirements I.D 

Immediate 

Changed 

Requirements I.D 

Propagated 

Requirements I.D 

Change Instance 1 [131] - [84] 

Change Instance 2 [131] [96] [84] 

Change Instance 3 [131] - [96] 

Change Instance 4 [131] [84] [96] 
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Chapter 8. 

Results and Discussion 

 After the requirement change volatility metrics are calculated as described in 

Chapter 4 and the complex network metrics are computed as described in Chapter 5, the 

relevant computational methods among those explored in Chapter 6 are deployed for their 

capability to predict the requirement change volatility from the complex network metrics. 

This chapter presents and discusses the results obtained from the selected computational 

methods implemented as explained in Chapter 7. 

8.1. Results for Regression Analysis 

The RA is performed using the ordinal output cumulative logit model or the 

proportional odds logistic model described in section 6.1.3. The function glmulti from the R 

package GLMULTI that utilizes Genetic Algorithm (GA) and fits the function polr from the 

R package MASS to fit the selected model is employed. As described in the implementations 

described in section 7.1, the final ten models for each volatility metric are compared based 

on the significant difference in six discrimination evaluation measures, precision, sensitivity, 

specificity, accuracy, F1, and AUC, and one calibration evaluation measure, HL statistic. The 

top 50% of the best performing models across all evaluation measures are then intersected 

to select the best model. If there are multiple models or no model in this final intersected set, 

the model that ranks higher more frequently than the rest is selected as the best model. This 

procedure is performed for all four volatility metrics. 
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To compare the final ten models, the distributions of the evaluation measures values 

are first analyzed. It is found that for all volatility metrics, the evaluation measures data do 

not follow normality. An example distribution of AUC of transmittance of the ten models is 

shown in Figure 53. Therefore, Friedman test, a nonparametric test without distributional 

assumptions, that depends on the ranks of the data is used to test the null hypothesis of 

interest that there is no difference in performance between all the compared models. 

Nemenyi test and the Friedman post hoc test with Shaffer’s adjusted p-values are used as the 

multiple comparison tests to find out which model is different from which other models. The 

Friedman test p-values and Nemenyi test’s CD for considered evaluation measures of the 

compared models for multiplicity, absorbance, transmittance, and robustness are shown in 

Figure 54, Figure 56, Figure 58, and Figure 60 respectively. The horizontal axis shows the 

average ranks of the models with higher ranks to lower ranks from left to right. The models 

with same ranks are connected by a thin line. The models do not differ significantly if 

connected by the bold crossing line. The Friedman post hoc test with Shaffer’s adjusted p-

values for multiplicity, absorbance, transmittance, and robustness are shown in Figure 55, 

Figure 57, Figure 59, and Figure 61 respectively. If the p-value is less than the significant 

level, the null hypothesis that there is no difference between two models is rejected. As seen 

in the mentioned figures, there is no significant difference between models according to the 

Friedman test p-values, Nemenyi test’s CD, and Friedman post hoc test with Shaffer’s 

adjusted p-values, except for the small significant difference between model 8 and model 4 

for HL stats for multiplicity with p-value less than 0.05 significant level as seen in Figure 55 

(g). Therefore, the raw model rankings are used for the selection of the best models according 

to the procedure explained in section 7.1 and in the beginning of this section.  
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It is found that the best models are model 5 for multiplicity, model 4 for absorbance, 

model 4 for transmittance, and model 5 for robustness. They are shown in Table 27 through 

Table 30 with evaluation measures values and regression terms or the input independent 

variables complex network metrics with corresponding coefficient values. As presented in 

section 6.1.3, for low, medium, and high categorical levels of the respective volatility metric, 

each model is in the form shown in Equation 16 with different intercept 𝑎𝑗 values, but with 

the same coefficients 𝑏 values for all category levels. Different 𝑎𝑗 values represent the log 

odds of falling into or below category 𝑗 when all complex network metrics in the model are 

zero and are not used in interpretation of the results in general. The same coefficient 𝑏 value 

of each complex network metric across all category levels represent the increase or decrease 

in log odds of falling into or below category 𝑗 with one unit increase or decrease in a complex 

network metric with others kept constant, indicating the amount of impact that complex 

network metric has on the requirement volatility metric.  
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Figure 53: An Example Distribution of AUC of Transmittance Regression Models 
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Figure 54: Friedman Test and Nemenyi Test of Multiplicity Regression Models: (a) Precision 

(b) Sensitivity (c) Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(g) 

(a) (b) 

(d) 

(f) (e) 

(c) 
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Figure 55: Friedman Post Hoc Test of Multiplicity Regression Models: (a) Precision (b) 

Sensitivity (c) Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(a) (b) 

(c) (d) 

(e) (f) 

(g) 
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Figure 56: Friedman Test and Nemenyi Test of Absorbance Regression Models: (a) Precision 

(b) Sensitivity (c) Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(a) (b) 

(c) (d) 

(g) 

(e) (f) 
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Figure 57: Friedman Post Hoc Test of Absorbance Regression Models: (a) Precision (b) 

Sensitivity (c) Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(a) (b) 

(c) (d) 

(e) (f) 

(g) 
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Figure 58: Friedman Test and Nemenyi Test of Transmittance Regression Models: (a) 

Precision (b) Sensitivity (c) Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(b) (a) 

(d) (c) 

(g) 

(e) (f) 
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Figure 59: Friedman Post Hoc Test of Transmittance Regression Models: (a) Precision (b) 

Sensitivity (c) Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(a) (b) 

(c) (d) 

(e) (f) 

(g) 



 

216 

 

Figure 60: Friedman Test and Nemenyi Test of Robustness Regression Models: (a) Precision 

(b) Sensitivity (c) Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(d) (c) 

(b) (a) 

(g) 

(f) (e) 
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Figure 61: Friedman Post Hoc Test of Robustness Regression Models: (a) Precision (b) 

Sensitivity (c) Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(a) (b) 

(c) (d) 

(e) (f) 

(g) 
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Table 27 shows the ordinal cumulative logit regression model for predicting 

multiplicity metric levels of requirements based on complex network metrics. The complex 

network metrics selected by the model with their corresponding coefficient values and the 

model’s evaluation measures averaged for all three levels of multiplicity are shown in the 

table. The coefficient values indicate the amount of impact that complex network metrics 

have on the multiplicity metric of requirements. The coefficient value of a complex network 

metric represents the increase or decrease in log odds function of a requirement belonging 

to a multiplicity metric level with one unit increase or decrease in the complex network 

metric while others are kept constant, however, it is important to note that the function is 

dependent on all complex network metrics of the model. Multiplicity of a requirement node 

increases with increase in the value of subgraph centrality, and if the node belongs to 

community number 4. It decreases with increase in the value of bridging centrality, and if 

the node belongs to community number 2 and community number 5. Although the model 

terms complex network metrics may explain the variation of multiplicity severity levels of 

requirements, it is no better than a random model due to its AUC value of 0.5. Its accuracy 

value is high because randomly predicted multiplicity levels by the model may be matching 

with those in the actual test data itself. This may be due to very few change multipliers in 

the analyzed requirement change instances as seen in section 7.5.2. Since there are only a 

few requirements with multiplicity values while the majority on the extracted relationships 

have zero multiplicity, the model may be predicting this majority multiplicity level resulting 

in high accuracy. As seen in the table, precision, sensitivity, specificity, and F1 are also found 

to have low values. 
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Table 27: Regression Model for Multiplicity 

Ordinal Output Cumulative Logit Model for Multiplicity 

Complex Network Metrics Coefficient Values 

Subgraph Centrality 6.446 

Community:4 2.832 

Community:5 -17.465 

Community:2 -19.162 

Bridging Centrality -18171.369 

Evaluation Measures 

Precision Sensitivity Specificity Accuracy F1 AUC HL stats 

0.324 0.333 0.666 0.974 0.329 0.5 7.412 

Table 28 shows the ordinal cumulative logit regression model for predicting 

absorbance metric levels of requirements based on complex network metrics. The complex 

network metrics selected by the model with their corresponding coefficient values and the 

model’s evaluation measures averaged for all three levels of absorbance are shown in the 

table. The coefficient values indicate the amount of impact that complex network metrics 

have on the absorbance metric of requirements. The coefficient value of a complex network 

metric represents the increase or decrease in log odds function of a requirement belonging 

to an absorbance metric level with one unit increase or decrease in the complex network 

metric while others are kept constant, however, it is important to note that the function is 

dependent on all complex network metrics of the model. Absorbance of a requirement node 

increases with increase in the values of hubs centrality, incoming paths of length one, and 

Katz centrality. It decreases with increase in the values of incoming paths of length three and 

counting betweenness, and if the node belongs to community number 5 and community 

number 2. As in the multiplicity model, although the model terms complex network metrics 

may explain the variation of absorbance levels of requirements, it is no better than a random 
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model due to its AUC value of 0.5. Its accuracy value is high because randomly predicted 

absorbance levels by the model may be matching with those in the actual test data itself. As 

in the multiplicity model, this may be because the number of change absorbers is only as 

many as the number of analyzed requirement change instances as seen in section 7.5.2. Since 

there are only a few requirements with absorbance values while the majority on the extracted 

relationships have zero absorbance, the model may be predicting this majority absorbance 

level resulting in high accuracy. As seen in the table, precision, sensitivity, specificity, and 

F1 are also found to have low values. 

Table 28: Regression Model for Absorbance 

Ordinal Output Cumulative Logit Model for Absorbance 

Complex Network Metrics Coefficient Values 

Hubs Centrality 189.369 

In-Path Length=1 89.130 

Katz Centrality 17.894 

Community:2 -18.250 

Community:5 -24.641 

Counting Betweenness -42.562 

In-Path Length=3 -84.878 

Evaluation Measures 

Precision Sensitivity Specificity Accuracy F1 AUC HL stats 

0.327 0.333 0.666 0.983 0.330 0.5 1.770 

Table 29 shows the ordinal cumulative logit regression model for predicting 

transmittance metric levels of requirements based on complex network metrics. The complex 

network metrics selected by the model with their corresponding coefficient values and the 

model’s evaluation measures averaged for all three levels of transmittance are shown in the 

table. Unlike the multiplicity and absorbance models, the AUC value is 0.826 indicating the 

model’s goodness of prediction, and as seen in the table, precision, sensitivity, specificity, 
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accuracy, and F1 are also found to have high values. The coefficient values indicate the 

amount of impact that complex network metrics have on the transmittance metric of 

requirements. The coefficient value of a complex network metric represents the increase or 

decrease in log odds function of a requirement belonging to a transmittance metric level with 

one unit increase or decrease in the complex network metric while others are kept constant, 

however, it is important to note that the function is dependent on all complex network metrics 

of the model. Transmittance of a requirement node increases with increase in the values of 

incoming walks of length two, efficiency, participation coefficient, outgoing paths of length 

three, flow coefficient, and within module degree. Incoming walks of length two is one of 

the modified pairwise descriptive metrics. The more incoming walks of length two a 

requirement node possesses, the higher its change transmittance is, meaning that the 

requirements that are pointed to by many walks of length two from other requirements are 

very likely to transmit the change. Efficiency is one of the distance and clustering metrics 

and as presented in section 5.1, it measures a node’s influence in the communication of its 

immediate neighbors. The more efficiency a requirement node possesses, the higher its 

change transmittance is, meaning that the requirements that can exchange information in 

their neighborhoods are very likely to transmit the change. Participation coefficient is one of 

the subgraph and community metrics and as presented in section 5.1, it measures a node’s 

connectedness among all modules. The larger participation coefficient a requirement node 

possesses, the higher its change transmittance is, meaning that the requirements that are more 

uniformly connected to all the modules in the network are very likely to transmit the change. 

Outgoing paths of length three is one of the modified pairwise descriptive metrics. The more 

outgoing paths of length three a requirement node possesses, the higher its change 
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transmittance is, meaning that the requirements that point to other requirements along their 

outgoing paths of length three are very likely to transmit the change. Such requirements are 

located at second positions on the analyzed paths and connected immediately to those where 

initial changes occur, meaning that changes are less likely to happen at directly connected 

immediate requirements and that such requirements are very likely to transmit changes. Flow 

coefficient is one of the centrality metrics measuring the ability of a node to convey 

information between neighboring nodes and as presented in section 5.1, it is defined as the 

ratio of the total flow paths (the number of all actual paths of length two connecting 

neighbors of a central node that pass through the node) to the number of all possible such 

paths. The larger flow coefficient a requirement node possesses, the higher its change 

transmittance is, meaning that the requirements that act as central nodes connecting neighbor 

nodes are very likely to transmit the change. Within module degree is one of the subgraph 

and community metrics and as presented in section 5.1, it indicates how well a node is 

connected within the module it belongs to. The larger within module degree a requirement 

node possesses, the higher its change transmittance is, meaning that the requirements that 

are well connected in their belonged modules are very likely to transmit the change.  

Transmittance of a requirement node decreases with increase in the values of 

incoming paths of length four and in-degree, and if the node belongs to community number 

2. Incoming paths of length four is one of the modified pairwise descriptive metrics. The 

more incoming paths of length four a requirement node possesses, the lower its change 

transmittance is, meaning that the requirements that are pointed to by many paths of length 

four from other requirements are less likely to be able to transmit the change. This may be 

because such requirements are located at the end of most of the analyzed paths where 
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changes occur and are absorbed as presented in section 4.2. In-degree is one of the distance 

and clustering metrics and measures the number of nearest neighbors that point to a node. 

The larger in-degree a requirement node possesses, the lower its change transmittance is, 

meaning that the requirements that are pointed to by many neighbor requirements are less 

likely to be able to transmit the change. Community is one of the subgraph and community 

metrics and as presented in section 5.1, it indicates a module to which a node belongs to. The 

results show that if requirements belong to the community number 2, they are less likely to 

be able to transmit the change. 

Table 29: Regression Model for Transmittance 

Ordinal Output Cumulative Logit Model for Transmittance 

Complex Network Metrics Coefficient Values 

In-Walk Length=2 34.656 

Efficiency 14.003 

Participation Coefficient 13.443 

Out-Path Length=3 9.169 

Flow Coefficient 6.777 

Within Module Degree 5.316 

Community:2 -1.069 

In-Degree -8.007 

In-Path Length=4 -32.428 

Evaluation Measures 

Precision Sensitivity Specificity Accuracy F1 AUC HL stats 

0.669 0.622 0.861 0.833 0.632 0.826 9.266 

Table 30 shows the ordinal cumulative logit regression model for predicting 

robustness metric levels of requirements based on complex network metrics. The complex 

network metrics selected by the model with their corresponding coefficient values and the 

model’s evaluation measures averaged for all three levels of robustness are shown in the 
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table. Unlike the multiplicity and absorbance models, the AUC value is 0.779 indicating the 

model’s goodness of prediction, and as seen in the table, precision, sensitivity, specificity, 

accuracy, and F1 are also found to have high values. The coefficient values indicate the 

amount of impact that complex network metrics have on the robustness metric of 

requirements. The coefficient value of a complex network metric represents the increase or 

decrease in log odds function of a requirement belonging to a robustness metric level with 

one unit increase or decrease in the complex network metric while others are kept constant, 

however, it is important to note that the function is dependent on all complex network metrics 

of the model. Robustness of a requirement node increases with increase in the values of 

outgoing paths of length three, alpha centrality, participation coefficient, total flow paths, 

eccentricity, and within module degree. Outgoing paths of length three is one of the modified 

pairwise descriptive metrics. The more outgoing paths of length three a requirement node 

possesses, the higher its change robustness is, meaning that the requirements that point to 

other requirements along their outgoing paths of length three are very likely to be robust to 

the change. Such requirements are located at second positions on the analyzed paths and 

connected immediately to those where initial changes occur, meaning that changes are less 

likely to happen at directly connected immediate requirements and that such requirements 

are very likely to be unaffected by changes. Participation coefficient is one of the subgraph 

and community metrics and as presented in section 5.1, it measures a node’s connectedness 

among all modules. The larger participation coefficient a requirement node possesses, the 

higher its change robustness is, meaning that the requirements that are more uniformly 

connected to all the modules in the network are very likely to be robust to the change. Total 

flow paths is one of the centrality metrics and as presented in section 5.1, it is defined as the 
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number of all actual paths of length two connecting neighbors of a central node that pass 

through the node. The more total flow paths a requirement node possesses, the higher its 

change robustness is, meaning that the requirements that act as central nodes connecting 

neighbor nodes are very likely to be robust to the change. Eccentricity is one of the distance 

and clustering metrics and as presented in section 5.1, it is the shortest path distance between 

a node to another node that is the furthest from it. The larger eccentricity a requirement node 

possesses, the higher its change robustness is, meaning that the requirements that are located 

at large distances from their furthest requirements are very likely to be robust to the change. 

Within module degree is one of the subgraph and community metrics and as presented in 

section 5.1, it indicates how well a node is connected within the module it belongs to. The 

larger within module degree a requirement node possesses, the higher its change robustness 

is, meaning that the requirements that are well connected in their belonged modules are very 

likely to be robust to the change. 

Robustness of a requirement node decreases with increase in the values of outgoing 

paths of length four, outgoing walks of length two, subgraph centrality, k-coreness centrality, 

and left eigenvector centrality. Outgoing paths of length four is one of the modified pairwise 

descriptive metrics. The more outgoing paths of length four a requirement node possesses, 

the lower its change robustness is, meaning that the requirements that point to other 

requirements along their paths of length four are less likely to be robust to the change. This 

may be because such requirements are located at the start of the analyzed paths where initial 

changes occur as presented in section 4.2. Outgoing walks of length two is one of the 

modified pairwise descriptive metrics. The more outgoing walks of length two a requirement 

node possesses, the lower its change robustness is, meaning that the requirements that point 
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to other requirements along their outgoing walks of length two are less likely to be robust to 

the change. Subgraph centrality is one of the centrality metrics and as presented in section 

5.1, it is based on the sum of all closed walks of different lengths starting and ending at a 

node, with shorter such walks contributing more to the subgraph centrality of the node. The 

larger subgraph centrality a requirement node possesses, the lower its change robustness is, 

meaning that requirements with short closed walks are less likely to be robust to the change. 

K-coreness centrality is one of the centrality metrics and as presented in section 5.1, it 

represents a node’s connectedness in tightly linked groups of nodes. The larger k-coreness 

centrality a requirement node possesses, the lower its change robustness is, meaning that 

requirements that are very connected in large tightly linked node groups are less likely to be 

robust to the change. Left eigenvector centrality is one of the centrality metrics and as 

presented in section 5.1, it is proportional to the sum of the degrees of the neighbors of a 

node that it points to. The larger left eigenvector centrality a requirement node possesses, the 

lower its change robustness is, meaning that requirements that point to many requirements 

or many requirements that themselves point to many others are less likely to be robust to the 

change. 

Table 30: Regression Model for Robustness 

Ordinal Output Cumulative Logit Model for Robustness 

Complex Network Metrics Coefficient Values 

Out-Path Length=3 208.640 

Participation Coefficient 8.504 

Total Flow Paths 7.088 

Eccentricity 4.304 

Within Module Degree 3.176 

Left Eigenvector Centrality -5.227 
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Coreness Centrality -6.809 

Subgraph Centrality -27.190 

Out-Walk Length=2 -90.759 

Out-Path Length=4 -123.259 

Evaluation Measures 

Precision Sensitivity Specificity Accuracy F1 AUC HL stats 

0.612 0.570 0.819 0.817 0.580 0.779 18.75 

As presented above, the coefficient value of individual complex network metric 

equals the increase or decrease in the log odds function of a requirement belonging to a 

volatility metric level with one unit increase or decrease in that complex network metric 

while others are kept constant. Therefore, firstly, it is important to note that the function is 

dependent on all the complex network metrics of the model and obviously, the complex 

network metrics with larger positive or negative coefficient values will dominate more the 

volatility level of the requirement. Secondly, it is also important to note that the log odds 

function of a volatility class represents only that volatility class and is independent from 

those of other volatility classes. For example, just because a requirement is less of a 

transmitter, it does not mean that it is more or less of any of the other three volatility classes 

since it can belong to any low, medium, and high levels of multiple volatility classes 

simultaneously as presented in section 4.2.3. Thirdly, because there are only a few change 

multipliers and absorbers in the analyzed requirement change instances of the case studies 

while many requirements on the extracted relationships from the modeled networks are 

mostly transmitters or robust requirements, the multiplicity model and the absorbance model 

are no better than random models due to this data scarcity, and only the transmittance model 

and the robustness model can be considered as valid generalizations. 
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In addition, there are no causal relationships between the volatility class outputs and 

the complex network metrics of the models based on the physical definitions. In the 

transmittance model and the robustness model that there are some common metrics that 

represent the requirement nodes’ ability to transfer information or connectedness among their 

neighbors or within their modules such as participation coefficient, flow coefficient, total 

flow paths, and within module degree. Although these metrics contributing positively, due 

to their definitions, to the increase in the requirements’ change transmittance level may make 

sense in the transmittance model, the requirement nodes’ ability to transfer information has 

nothing to do with the increase in the requirements’ change robustness level in the robustness 

model. In the transmittance model, the larger in-degree a requirement node possesses, the 

lower its change transmittance is, however, it does not mean that the requirement has lower 

change transmittance because it is pointed to by many neighbor requirements. It is just that 

based on the analyzed data, the requirements that transmit the change less turn out to have 

larger in-degree and that in-degree is just one of the contributing network properties of a 

requirement node that helps in determining its transmittance level. Again, in the robustness 

model, the larger left eigenvector centrality a requirement node possesses, the lower its 

change robustness is, however, it does not mean that the requirement is more robust because 

it points to many requirements or many requirements that point to many others. It is just that 

based on the analyzed data, the requirements that are less robust turn out to have large left 

eigenvector centrality and that the left eigenvector centrality is just one of the contributing 

network properties of a requirement node that helps in determining its robustness level. Table 

31 summarizes the results for regression analysis in this section. 
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Table 31: Summary for Section 8.1 

Complex network metrics can be used to predict the severity levels of the requirement 

change volatility classes using regression analysis, specifically through ordinal output 

cumulative logit regression models.  

• The ordinal output cumulative logit regression model’s log odds function of a 

requirement volatility class is independent from those of the other volatility 

classes and is dependent on all the complex network metrics of the model, 

influenced more by the metrics with larger coefficient values. 

• The performances of the multiplicity model and the absorbance model are found 

to be no better than random prediction due to data scarcity. Only the transmittance 

model and the robustness model can be generalized as valid models. 

• There are no causal relationships between the volatility class output and the 

complex network metrics of the model based on the physical definitions. The 

complex network metrics are the necessary contributing network properties of a 

requirement node that helps in determining its volatility class output. 

 

8.2. Results for Artificial Neural Networks 

The BPANNs are built using the function mlp from the R package RSNNS that 

utilizes the learning function BackpropMomentum with parameters described in section 7.2 

and Appendix E. Due to the variations in the initial randomized weights, the results of 75 

ANNs with the number of hidden neurons from 2 to 150 with two neurons increments are 

averaged after ten runs and this procedure is repeated three times in different randomly 

sampled data by the holdout method as in the RA. Only those ANNs that result in AUC 

values greater than or equal to 0.5 are selected to compare based on the significant difference 

in the evaluation measures. The top 50% of the best performing ANNs across all evaluation 

measures are then intersected to select the best ANN. If there are multiple ANNs or no ANN 

in this final intersected set, the ANN that ranks higher more frequently than the rest with the 
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number of hidden neurons (NHN) as small as possible is selected as the best ANN because 

the large number of hidden neurons may result in overfitting. 

To compare the ANNs, the distributions of the evaluation measures values are first 

analyzed. It is found that for all volatility metrics, the evaluation measures data do not follow 

normality. An example distribution of AUC of the ANNs for transmittance is shown in Figure 

62. As in the RA, Friedman test is used to test the null hypothesis of interest that there is no 

difference in performance between all the compared models. Nemenyi test and the Friedman 

post hoc test with Shaffer’s adjusted p-values are used as the multiple comparison tests to 

find out which model is different from which other models. The Friedman test p-values and 

Nemenyi test’s CD for considered evaluation measures of the compared ANNs for 

multiplicity, absorbance, transmittance, and robustness are shown in Figure 63, Figure 65, 

Figure 67, and Figure 69 respectively. The horizontal axis shows the average ranks of the 

ANNs with higher ranks to lower ranks from left to right. The ANNs with same ranks are 

connected by a thin line. The ANNs do not differ significantly if connected by the bold 

crossing line. The Friedman post hoc test with Shaffer’s adjusted p-values for multiplicity, 

absorbance, transmittance, and robustness are shown in Figure 64, Figure 66, Figure 68, and 

Figure 70 respectively. If the p-value is less than the significant level, the null hypothesis 

that there is no difference between two models is rejected.  

In Figure 63 showing the Friedman tests and Nemenyi tests of ANNs for multiplicity 

and Figure 65 showing those of ANNs for absorbance, it can be seen that ANNs perform the 

same in all evaluation measures except HL statistics which also doesn’t show significant 

difference between the ANNs. It can also be seen that there is no significant difference 

between ANNs in Figure 64 and Figure 66 showing the Friedman post hoc tests with 
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Shaffer’s adjusted p-values of ANNs for multiplicity and absorbance. Therefore, the ANN 

with 72 hidden neurons which has the smallest number of hidden neurons among compared 

ANNs is selected as the best ANN for both multiplicity and absorbance. In Figure 67 

showing the Friedman tests and Nemenyi tests of ANNs for transmittance and Figure 69 

showing those of ANNs for robustness, the ANNs perform differently in all evaluation 

measures, however, there is no statistically significant difference found between the ANNs. 

It can also be seen that there is no significant difference between ANNs in Figure 68 and 

Figure 70 showing the Friedman post hoc tests with Shaffer’s adjusted p-values of ANNs for 

transmittance and robustness. The ANNs with more than 100 hidden neurons rank high 

across all evaluation measures, however, it is highly possible that they may be overfitting 

the data. The ANN with 72 hidden neurons performs similarly with no significant difference, 

and therefore, it is selected as the best ANN for both transmittance and robustness. 
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Figure 62: An Example Distribution of AUC of Transmittance ANNs 
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Figure 63: Friedman Test and Nemenyi Test of Multiplicity ANNs: (a) Precision (b) Sensitivity 

(c) Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(b) (a) 

(g) 

(d) 

(f) (e) 

(c) 
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Figure 64: Friedman Post Hoc Test of Multiplicity ANNs: (a) Precision (b) Sensitivity (c) 

Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(c) (d) 

(e) (f) 

(g) 

(b) (a) 
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Figure 65: Friedman Test and Nemenyi Test of Absorbance ANNs: (a) Precision (b) Sensitivity 

(c) Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(b) (a) 

(g) 

(d) (c) 

(f) (e) 



 

236 

 
Figure 66: Friedman Post Hoc Test of Absorbance ANNs: (a) Precision (b) Sensitivity (c) 

Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(a) (b) 

(c) (d) 

(e) (f) 

(g) 
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Figure 67: Friedman Test and Nemenyi Test of Transmittance ANNs: (a) Precision (b) 

Sensitivity (c) Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(b) (a) 

(g) 

(d) (c) 

(f) (e) 
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Figure 68: Friedman Post Hoc Test of Transmittance ANNs: (a) Precision (b) Sensitivity (c) 

Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(a) (b) 

(c) (d) 

(e) (f) 

(g) 
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Figure 69: Friedman Test and Nemenyi Test of Robustness ANNs: (a) Precision (b) Sensitivity 

(c) Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(g) 

(b) (a) 

(d) (c) 

(f) (e) 
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Figure 70: Friedman Post Hoc Test of Robustness ANNs: (a) Precision (b) Sensitivity (c) 

Specificity (d) Accuracy (e) F1 (f) AUC (g) HL stats 

(a) (b) 

(c) (d) 

(e) (f) 

(g) 
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For low, medium, and high output levels of volatility metrics, the importance of 

complex network metric inputs of the selected ANNs in the form of variable importance bar 

plots with only several metrics on the horizontal axis for ease of visualization is shown in 

Table 32 through Table 35 for four volatility metrics along with the ANNs’ evaluation 

measures. The complex network metric importance is ranked by giving metrics with positive 

larger weights higher ranks as defined by Olden [317]. Table 32 shows the evaluation 

measures averaged for all three levels of multiplicity and complex network metrics’ 

importance of the ANN for each level of multiplicity. As in the regression model for 

multiplicity, the performance of the multiplicity ANN is no better than a random prediction 

due to its AUC value of 0.5. The sensitivity value, the ratio of TP over total positive 

observations (
𝑇𝑃

𝑇𝑃+𝐹𝑁
) , of 1 means that the ANN predicts all the positive observations 

correctly with no false negatives. The specificity value, the ratio of TN over total negative 

observations (
𝑇𝑁

𝐹𝑃+𝑇𝑁
), of 0 means that the ANN does not predict any TN while there may be 

a few false positive cases. The precision value, the ratio of TP over total positive predictions 

(
𝑇𝑃

𝑇𝑃+𝐹𝑃
), of 0.993 also supports the fact that there may be a few false positive cases. These 

values along with high accuracy and F1 values means that the ANN is randomly predicting 

only one specific level positively which is matching almost exactly with those in the actual 

test data itself. This may be due to very few change multipliers in the analyzed requirement 

change instances as seen in section 7.5.2. Since there are only a few requirements with 

multiplicity values while the majority on the extracted relationships have zero or low 

multiplicity, the ANN’s randomly predicted multiplicity level and those in the test data may 

all be just the outputs of those majority requirements.  
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Table 33 shows the evaluation measures averaged for all three levels of absorbance 

and complex network metrics’ importance of the ANN for each level of absorbance. As in 

the ANN for multiplicity, the absorbance ANN is no better than a random prediction due to 

its AUC value of 0.5. Its accuracy value is high because randomly predicted absorbance 

levels by the ANN may be matching with those in the actual test data itself. As in the 

multiplicity ANN, this may be because the number of change absorbers is only as many as 

the number of analyzed requirement change instances as seen in section 7.5.2. Since there 

are only a few requirements with absorbance values while the majority on the extracted 

relationships have zero absorbance, the ANN may be predicting this majority absorbance 

level resulting in high accuracy. As seen in the table, precision, sensitivity, specificity, and 

F1 are also found to have low values. Table 34 shows the evaluation measures averaged for 

all three levels of transmittance and complex network metrics’ importance of the ANN for 

each level of transmittance. Unlike the multiplicity and absorbance ANNs, the AUC value is 

higher at 0.677 indicating the ANN’s goodness of prediction, and as seen in the table, 

precision, sensitivity, specificity, accuracy, and F1 are also found to have moderate and high 

values. Table 35 shows the evaluation measures averaged for all three levels of robustness 

and complex network metrics’ importance of the ANN for each level of robustness. Unlike 

the multiplicity and absorbance ANNs, but similar to the transmittance ANN, the AUC value 

is higher at 0.779 indicating the ANN’s goodness of prediction. As seen in the table, 

precision, sensitivity, specificity, accuracy, and F1 are also found to have moderate and high 

values. 

The performance of the ANNs and the ordinal output cumulative logit regression 

models in predicting the four volatility metrics are also compared. As seen in Table 27 and 
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Table 32 both the ANN and the regression model for multiplicity are no better than random 

prediction and perform similarly in terms of AUC and accuracy. The regression model has 

better specificity and HL stats while the ANN has better precision, sensitivity, and F1 because 

it predicts only one level positively in a random manner. As seen in Table 28 and Table 33, 

both the ANN and the regression model for absorbance are no better than random prediction 

and perform similarly in all the evaluation measures, but the regression model has better HL 

stats. For transmittance, the regression model performs better than the ANN in all the 

evaluation measures as seen in Table 29 and Table 34. For robustness, the regression model 

performs better than the ANN in all the evaluation measures except in HL stats as see in 

Table 30 and Table 35. For multiplicity and absorbance, the ANNs and the regression models 

do not perform well because the data itself is scarce with only a few data points or 

requirements with multiplicity or absorbance metric values. Since the regression models 

perform better in both transmittance and robustness, it can be concluded that based on the 

employed data and algorithm-parameter settings, the ordinal output cumulative logit 

regression models with Genetic Algorithm (GA) model selection using information criterion 

perform better than the ANNs with backpropagation with momentum learning algorithm.  
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Table 32: ANN for Multiplicity 

BPANN Performance for Multiplicity 

Precision Sensitivity Specificity Accuracy F1 AUC HL stats 

0.993 1 0 0.993 0.996 0.5 13.564 

 

(a) 

(b) 

(c) 
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Table 33: ANN for Absorbance 

BPANN Performance for Absorbance 

Precision Sensitivity Specificity Accuracy F1 AUC HL stats 

0.325 0.333 0.666 0.976 0.329 0.5 6.535 

 

(a) 

(b) 

(c) 
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Table 34: ANN for Transmittance 

BPANN Performance for Transmittance 

Precision Sensitivity Specificity Accuracy F1 AUC HL stats 

0.478 0.468 0.786 0.759 0.455 0.677 40.348 

 

(a) 

(b) 

(c) 
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Table 35: ANN for Robustness 

BPANN Performance for Robustness 

Precision Sensitivity Specificity Accuracy F1 AUC HL stats 

0.318 0.418 0.702 0.784 0.360 0.584 12.517 

 

 

(a) 

(b) 

(c) 
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As presented above and in section 7.2.1, the ANNs analysis does not select the most 

useful subset of complex network metrics, but rather gives the importance weights as an 

indicator of influence or relevance of all complex network metrics inputs on the output 

volatility metrics. Moreover, as seen in the mentioned tables, there is no noticeable trend by 

casual inspection in the complex network metrics importance rankings across all volatility 

metrics and their respective severity levels. Therefore, it is beneficial if this relevance or 

importance ranking of complex network metrics can be determined using more 

computationally efficient feature selection filter methods without having to employ 

expensive ANNs analysis requiring tuning of different parameters. As presented in the 

section 7.2.1, this is investigated by exploring the correlation between the importance weight 

rankings of complex network metrics by BPANNs and the relevance rankings of complex 

network metrics by the selected feature selection filter methods, namely, Correlation Criteria 

(CC), Chi-Square (CHI), Information Gain (IG), Minimum Redundancy-Maximum 

Relevance (mRMR), and Relief (RLF) method, using two correlation measures, Spearman 

correlation coefficient and Kendall correlation coefficient. 

Figure 71 through Figure 74 show the correlation matrices showing only significant 

correlations with insignificant ones crossed out between the relevance rankings of complex 

network metrics by the five FS filter methods and the importance weight rankings of 

complex network metrics by the BPANNs for different volatility metrics. Figure 71 (a) and 

(b) show the Spearman correlation coefficient matrix and the Kendall correlation coefficient 

matrix respectively between five FS filter methods’ rankings and BPANNs’ importance 

weight rankings for low, medium, and high multiplicity levels. Based on Spearman’s Rho, 

BPANNs’ importance weight rankings for medium and high multiplicity have perfect 
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positive correlation to each other and strong positive correlation to CC ranking. The 

importance weight ranking for low multiplicity has near perfect negative correlation to those 

for medium and high multiplicity and strong negative correlation to CC ranking. The Kendall 

correlation coefficient matrix also shows similar results. Figure 72 (a) and (b) show the 

Spearman correlation coefficient matrix and the Kendall correlation coefficient matrix 

respectively between five FS filter methods’ rankings and BPANNs’ importance weight 

rankings for low, medium, and high absorbance levels. Based on Spearman’s Rho, BPANNs’ 

importance weight rankings for medium and high absorbance have near perfect positive 

correlation to each other and strong positive correlation to CC ranking. The importance 

weight ranking for low absorbance has near perfect negative correlation to those for medium 

and high multiplicity and strong negative correlation to CC ranking. The Kendall correlation 

coefficient matrix also shows similar results. 

Figure 73 (a) and (b) show the Spearman correlation coefficient matrix and the 

Kendall correlation coefficient matrix respectively between five FS filter methods’ rankings 

and BPANNs’ importance weight rankings for low, medium, and high transmittance levels. 

Based on Spearman’s Rho, BPANNs’ importance weight rankings for medium and high 

transmittance have near perfect positive correlation to each other and strong positive 

correlation to the rankings of CC, IG, and CHI in decreasing order. The importance ranking 

for low transmittance has near perfect negative correlation to those for medium and high 

transmittance and strong negative correlation to the rankings of CC, IG, and CHI in 

decreasing order, while having positive correlation to mRMR ranking. It can be also 

observed that IG and CHI are more positively correlated to each other than to CC. The 

Kendall correlation coefficient matrix also shows similar results. Figure 74 (a) and (b) show 
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the Spearman correlation coefficient matrix and the Kendall correlation coefficient matrix 

respectively between five FS filter methods’ rankings and BPANNs’ importance weight 

rankings for low, medium, and high robustness levels. Based on Spearman’s Rho, BPANNs’ 

importance weight rankings for medium and high robustness have perfect positive 

correlation to each other and strong positive correlation to the rankings of CC, IG, CHI, and 

RLF in decreasing order. The importance ranking for low robustness has perfect negative 

correlation to those for medium and high transmittance and strong negative correlation to 

the rankings of CC, IG, CHI, and RLF in decreasing order, while having positive correlation 

to mRMR ranking. It can be also observed that IG and CHI are more positively correlated to 

each other than to CC and RLF. The Kendall correlation coefficient matrix also shows similar 

results. 

Based on these observations, the rankings of complex network metrics by 

Correlation Criteria (CC) can be assessed beforehand to determine the importance weight 

rankings of complex network metrics by the BPANNs for the prediction of volatility metrics. 

The complex network metrics having higher ranks on CC ranking can be assumed to have 

large positive importance weights in BPANNs for medium and high output levels in all four 

volatility metrics. Those having lower ranks can be assumed to have large positive 

importance weights in BPANNs for low output level in all four volatility metrics. However, 

this is not empirically tested in this dissertation for two reasons. The first reason is that since 

there will be two ANNs for each volatility metric: one ANN for medium and high output 

levels and another ANN for low output level, the total number of ANNs will become eight 

for all volatility metrics. The second reason is that to find the best ANN within each of the 

eight ANNs, the tunings of parameters such as the number of hidden neurons and the 
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comparison of multiple ANNs need to be performed all over again. Therefore, it is only 

recommended in this dissertation that the designer can apply different cut off points on the 

CC ranking to experiment with inclusions or exclusions of certain complex network metrics 

and observe their effects on the prediction performance of volatility metrics. Moreover, as 

stated based on the literature review in section 6.2 that ANNs cannot explain or extrapolate 

solutions for problems outside their training data [197], whenever new data becomes 

available, the designer need to perform the training process again only to observe potentially 

different results. Therefore, it is not encouraged to employ ANNs in the application of 

predicting requirement change volatility without conducting further research. Table 36 

summarizes the results for artificial neural networks in this section. 
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Figure 71: Correlations between FS Filter Methods and ANN Weights for Different 

Multiplicity Levels: (a) Spearman’s Rho (b) Kendall’s Tau  

(a) 

(b) 
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Figure 72: Correlations between FS Filter Methods and ANN Weights for Different 

Absorbance Levels: (a) Spearman’s Rho (b) Kendall’s Tau 

(a) 

(b) 
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Figure 73: Correlations between FS Filter Methods and ANN Weights for Different 

Transmittance Levels: (a) Spearman’s Rho (b) Kendall’s Tau 

(a) 

(b) 
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Figure 74: Correlations between FS Filter Methods and ANN Weights for Different 

Robustness Levels: (a) Spearman’s Rho (b) Kendall’s Tau 

(a) 

(b) 
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Table 36: Summary for Section 8.2 

Complex network metrics can be used to predict the severity levels of the requirement 

change volatility classes using artificial neural networks, specifically through 

Backpropagation Artificial Neural Networks.  

• The ANN of a requirement volatility class is independent from those of the other 

volatility classes and is dependent on all the complex network metrics inputs, 

influenced more by the metrics with larger importance weights. 

• The performances of the multiplicity ANN and the absorbance ANN are found to 

be no better than random predictions due to data scarcity. Only the transmittance 

ANN and the robustness ANN can be generalized as valid ANNs. 

• The performances of both regression models and ANNs for multiplicity and 

absorbance are no better than random predictions. The regression models are 

found to perform better than the ANNs in transmittance and robustness, therefore, 

based on the employed data and algorithm-parameter settings, the ordinal output 

cumulative logit regression models with Genetic Algorithm model selection using 

information criterion perform better than the ANNs with backpropagation with 

momentum learning algorithm. 

• Based on the correlation analysis between the rankings of complex network 

metrics by four FS filter methods and those by BPANNs, ANNs’ importance 

weight rankings for medium and high volatility levels have strong positive 

correlation to each other and to the rankings of CC, but ANNs’ importance weight 

rankings for low volatility levels have strong negative correlation to those for 

medium and high volatility levels and to the rankings of CC. The designer can 

apply different cut offs on the CC ranking to experiment with inclusions or 

exclusions of certain complex network metrics and observe their effects on the 

prediction performance of the volatility class metrics. However, due to the 

inability to extrapolate solutions extrapolate solutions outside the training data 

and repetitive parameter tunings, ANNs are not recommended to use for 

predicting requirement change volatility classes. 
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8.3. Results for Multilabel Learning Methods 

As presented in section 7.3, two binary methods (BR and CC), three label 

combination methods (LP, PS, and HOMER), one pairwise method (CLR), and three EMs 

of PTMs (ECC, EPS, and RAkEL) are selected from among PTMs and four machine learning 

base classifiers (NB, DT, SVM, and NN) are applied on them. One nearest neighbor AAM 

(MLKNN), one artificial neural network AAM (BPMLL), and one EM of AAM 

(AdaBoost.MH) are selected from among AAMs. The settings of parameters for the 

employed MLL methods are as presented in section 7.3 and Appendix F. All 18 evaluation 

measures are used to evaluate the selected PTMs and AAMs. In addition, by applying four 

feature selection filter methods, BR-RF, BR-IG, LP-RF, and LP-IG, on the complex network 

metric inputs before running MLL methods, the number of complex network metrics is 

increased arbitrarily based on decreasing order of scores starting from the top 7 metrics with 

an increment of seven metrics with the last step including all 49 metrics. 

Four preprocessing feature selection methods with seven steps of complex network 

metrics input, nine PTMs using four base classifiers, and three AAMs (BPMLL, 

AdaBoost.MH, and five k values in MLkNN) result in the total of ((4 ∗ 7) ∗ ((9 ∗ 4) + 7) =

1204)  models. To compare these models, the distributions of their evaluation measures 

values are first analyzed. It is found that for all volatility metrics, the evaluation measures 

data do not follow normality. An example distribution of micro AUC of one of the models is 

shown in Figure 75. As in the RA and ANNs, Friedman test is used to test the null hypothesis 

of interest that there is no difference in performance between all the compared models. 
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Nemenyi test and the Friedman post hoc test with Shaffer’s adjusted p-values are used as the 

multiple comparison tests to find out which model is different from which other models. 

Since there are 1204 models and 18 evaluation measures, the model comparisons for MLL 

methods is not performed based on individual evaluation measures as in RA and ANNs, but 

rather across all evaluation measures to determine which model performs well overall. For 

each feature selection method, from three AAMs and nine PTMs using four base classifiers, 

only the best model out of seven steps of complex network metrics inputs are selected 

resulting in ((9 ∗ 4) + 3) = 39)  models. Only the top 20% of these 39 models or top 8 

models are selected from each feature selection method. For four feature selection methods, 

the total number of final models selected to compare becomes 32, and only the results from 

these models are presented. 

The Friedman test p-values and Nemenyi test’s CD of the compared models for are 

shown in Figure 76. The p-value is very small being close to zero rejecting the null 

hypothesis that there is no difference in performance between the models. The seven bold 

lines of the Nemenyi test’s CD plot also indicate that there are significant differences 

between the models that are not connected by the same line. For example, the first ten models 

connected by the first bold line, starting from model 24 to model 14 are not significantly 

different from each other, however, model 24 is different form model 11 because there is no 

CD line connecting them. Considering all seven CD lines and all models, it can be observed 

that most of the models are not significantly different. Similar results are also indicated by 

the Friedman post hoc test with Shaffer’s adjusted p-values. A shown in Figure 77, the first 

ranked model, model 24 is different from models that it has p-values less than the significant 
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level of 0.05 with, that is, from model 10 to model 26. The second model and the third model, 

model 21 and model 19, are different from models starting model 12 to model 26. Model 23 

is different from models starting model 9 to model 26. Model 17, model 18, model 20, model 

22, and model 30 are different from model 31, model 25, and model 26. Therefore, only the 

top 20% of these 32 models or top 7 models are arbitrarily selected as the best MLL models, 

details of which are shown in Table 37. 

 

Figure 75: An Example Distribution of Micro AUC of a MLL Model 
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Table 37 shows the evaluation measures of the top seven MLL models with naming 

nomenclature, MLLMethod_Classifier_FeatureSelectionMethod_Number-of-Complex-

Network-Metrics. For example, model 24 is CLR_NN_ LPIG_7, meaning it is the model 

using CLR PTM, NN classifier, LP-IG feature selection method, and the top seven complex 

network metrics selected by the feature selection method. It is observed that MLL models 

perform better than the regression models and the ANNs as seen in similar evaluation 

measures such as the AUC values although they are evaluated based on their own evaluation 

measures. All the seven models use the NN classifier and the first seven complex network 

metrics by LP-IG feature selection method. However, the PTMs used are CLR, PS, ECC, 

RAkEL, BR, CC, and LP respectively from model 24 to model 20. This means that out of 

the employed PTMs, both binary methods (BR and CC), two out of three label combination 

methods (PS and LP), the only one pairwise method (CLR), and two out of three EMs of 

PTMs (ECC and RAkEL) rank as the top seven MLL methods. The evaluation measures are 

also very similar across the models with slight differences. Surprisingly, there is no AAM in 

these top models. The seven complex network metrics used by the models are then 

determined. They are, in decreasing order of the LP-IG feature selection method, Katz 

centrality, brokering coefficient, authority centrality, left eigenvector centrality, outgoing 

walks of length three, PageRank, and incoming walks of length three.  
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Table 37: Evaluation Measures of Top Seven MLL Models 

 Model ID 

Evaluation 

Measures 
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P
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Hamming Loss 0.028 0.029 0.030 0.028 0.028 0.028 0.028 

Sub.Accuracy 0.905 0.900 0.893 0.903 0.903 0.903 0.903 

Ex.Accuracy 0.947 0.945 0.942 0.946 0.946 0.946 0.946 

Ex.Precision 0.961 0.961 0.961 0.961 0.961 0.961 0.961 

Ex.Recall 0.962 0.961 0.956 0.961 0.961 0.961 0.961 

Ex.F1 0.962 0.961 0.958 0.961 0.961 0.961 0.961 

Mic.Precision 0.961 0.961 0.961 0.961 0.961 0.961 0.961 

Mic.Recall 0.962 0.961 0.956 0.961 0.961 0.961 0.961 

Mic.F1 0.962 0.961 0.958 0.961 0.961 0.961 0.961 

Mac.Precision 0.839 0.839 0.873 0.812 0.812 0.812 0.812 

Mac.Recall 0.866 0.820 0.845 0.865 0.865 0.865 0.865 

Mac.F1 0.849 0.818 0.837 0.831 0.831 0.831 0.831 

Mic.AUC 0.984 0.985 0.983 0.970 0.968 0.968 0.968 

Mac.AUC 0.864 0.829 0.894 0.888 0.862 0.862 0.862 

Avg.Precision 0.981 0.980 0.974 0.963 0.963 0.963 0.963 

Coverage 3.281 3.316 3.406 3.531 0.531 3.531 3.531 

One.Error 0.005 0.005 0.023 0.051 0.051 0.051 0.051 

Ranking Loss 0.017 0.019 0.024 0.033 0.033 0.033 0.033 

The definitions of these metrics are presented in section 5.1. Katz centrality is the 

extension of the right eigenvector centrality and basically measures a requirement node’s 

importance by how much it is being pointed to by close and distant connections. A 

requirement node’s brokering coefficient compares its degrees with clustering coefficient to 
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measure its ability to connect many other nodes that would not be connected otherwise as 

explained in section 5.1. Authority centrality of a requirement node is proportional to the 

sum of the hub centralities of the requirement nodes that point to it. Left eigenvector 

centrality is proportional to the sum of the degrees of the neighbors of a node that it points 

to. It measures a requirement node’s importance by how much it points to many requirements 

or many requirements that themselves point to many others. Outgoing walks of length three 

represents the number of walks of length three along which a requirement node points to 

other requirements. PageRank centrality of a node is derived as a variation of Katz centrality 

and is proportional to its neighbors’ centrality divided by their out degree, meaning that each 

individual node pointed to by highly central nodes pointing to many others is endowed only 

a fraction of their centrality. Therefore, similar to Katz centrality, it measures a requirement 

node’s importance by how much it is being pointed to. Incoming walks of length three 

represents the number of walks of length three that point to a requirement node from other 

requirements. 

It is important to note that the above complex network metrics in the top seven MLL 

models are the top seven useful metrics selected by the LP-IG feature selection method 

employed with the NN classifier in the seven different multilabel PTMs to predict multiple 

requirement change volatility classes. Since the MLL models predict multiple labels 

simultaneously, the volatility classes are not independently predicted. The ability of each 

MLL model to predict the levels of all four volatility classes are dependent on all the selected 

complex network metrics. The selected top MLL models are nonparametric, and therefore, 

unlike the regression models, it is difficult to interpret how the complex network metrics 

influence the severity levels of the volatility classes of the requirements. It can just be stated 
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that these seven complex metrics are the necessary contributing network properties of a 

requirement node that helps in determining its volatility class metrics levels simultaneously. 

It is important to note that these properties are based on the physical component domain 

information based on the requirement networks modeled in the refined ARCPP tool. As 

explained above, Katz centrality, authority centrality, and PageRank centrality commonly 

represent how much a requirement node is being pointed to, in other words, the extent of 

physical domain information a requirement node receives. Left eigenvector centrality 

represents how much a requirement node points to others, in other words, the extent of 

physical domain information it transmits. Brokering coefficient represents how much a 

requirement node’s ability is to connect many other nodes that would not be connected 

otherwise, in other words, the extent of it facilitating the transfer physical domain 

information in the neighborhood. Outgoing walks of length three and incoming walks of 

length three represent the indirect connections of a requirement node, in other words, they 

represent the requirement’s indirect outgoing and incoming connections for transmittance 

and receival of physical domain information. Based on the NN classifier IBk algorithm’s 

default parameters as mentioned in section 7.3, Euclidean distance function and 𝑘 = 1 , 

assigning the volatility class metric levels of a requirement in the testing data set those of its 

nearest neighbor in the input space of these seven complex network metrics results in better 

classification prediction ability. Although there are other complex network metrics 

representing similar network properties, based on the employed data and the parameter 

settings of the multilabel PTMs and classifier algorithms, these seven complex network 

metrics give the highest performance in predicting requirement change volatility classes 
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simultaneously when employed with the NN classifier in the seven different multilabel 

PTMs. Table 38 summarizes the results for multilabel learning methods in this section. This 

section hereby marks the conclusion of results of the three computational approaches 

deployed and Table 39 summarizes the answer for RQ 3. 

Table 38: Summary for Section 8.3 

Complex network metrics can be used to predict the severity levels of the requirement 

change volatility classes using multilabel learning (MLL) methods.  

• Since MLL models predict multiple labels simultaneously, the volatility classes 

are not independently predicted. The ability of a MLL model to predict the levels 

of all four volatility classes are dependent on all the complex network metrics of 

the model. 

• It is difficult to interpret in the selected top MLL models how each complex 

network metric of a model influences the output levels of the requirement change 

volatility classes. 

• Based on the employed data and the parameter settings of the top seven different 

multilabel PTMs and NN classifier algorithm, the top seven complex network 

metrics selected by the LP-IG feature selection method give the highest 

performance in predicting requirement change volatility classes simultaneously. 

 

Table 39: Summary for RQ 3 

RQ 3 Can complex network metrics be used to predict requirement change 

volatility? 

Answer Complex network metrics can be used to predict requirement change volatility 

using regression analysis, artificial neural networks, and multilabel learning 

methods. 
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Chapter 9. 

Conclusions, Recommendations, and Future Work 

9.1. Conclusions 

This dissertation presented the background information on engineering change and 

requirement change propagation first, and then the importance of the fundamental benefit of 

this research to predict change propagation in terms of requirement change volatility along 

with its broader impact in research, practice, and education. It is identified based on the 

extensive literature review that there are no existing tools and research studies that attempt 

to assess requirement change volatility. Based on the premise that requirement change 

propagation can be predicted in the requirement domain, the research in this dissertation 

measures requirement change volatility classes based on how requirements act in response 

during every instance of change: (1) multiplier, (2) absorber, (3) transmitter, and (4) robust 

in terms of their respective metric values, multiplicity, absorbance, transmittance, and 

robustness. The volatility class metrics of each requirement are determined from the 

requirement change data of industrial case studies and the requirement relationships of the 

requirement networks of the refined ARCPP tool which is developed by the two previously 

performed motivating researches. The complex network metrics selected as relevant from 

the literature are computed from the same networks using original and modified versions of 

the existing tools developed in the research community. Three types of computational 

methods, specifically, the ordinal output cumulative logit model selected as the regression 

analysis (RA) approach, the Backpropagation Artificial Neural Networks selected as the 
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artificial neural networks (ANNs) approach, and the multiple computational models selected 

as multilabel learning (MLL) approach, are deployed to determine the requirement change 

volatility class metric outputs using the complex network metrics as inputs. Table 40 

summarizes the research questions and answers. 

Table 40: Summary of Addressed Research Questions and Answers 

RQ 1 Can requirement change volatility be measured through four classes 

namely, (1) multiplier, (2) absorber, (3) transmitter, and (4) robust, during 

every instance of change? 

Answer Requirement change volatility can be measured through four classes, (1) 

multiplier, (2) absorber, (3) transmitter, and (4) robust, in respective metric 

values during every instance of change utilizing the requirement network 

relationships obtained from the refined ARCPP tool and the actual requirement 

change data of industrial case studies. 

  

RQ 2 Can complex network metrics be explored and computed for each 

requirement? 

Answer The most relevant and up to date taxonomy of complex network metrics is 

explored, modified, and adopted, and the metrics are calculated from the 

requirement networks obtained from the refined ARCPP tool using novel tools 

and state of the art existing tools in the literature. 

  

RQ 2 Can complex network metrics be used to predict requirement change 

volatility? 

Answer Complex network metrics can be used to predict requirement change volatility 

using regression analysis, artificial neural networks, and multilabel learning 

methods. 

Since the regression models and the ANNs can predict the multiple levels of only 

one volatility class at a time, there are four regression models and four ANNs obtained for 

four volatility classes, each model/ANN for one volatility independent of the other three. 

Due to the scarcity of multiplicity and absorbance data based on the volatility scores obtained 
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from the modeled requirement network relationships, the performances of the regression 

models and the ANNs for these volatility classes are no better than random predictions. Only 

two regression models and two ANNs respectively for transmittance and robustness are 

generalized as valid models. However, the performances of the regression models are found 

to be better than the ANNS. While there cannot be found any causal relationships based on 

physical definitions between the input complex network metrics and the output volatility 

class metric levels, the regression models have better interpretability and prediction 

performance than the ANNs based on the employed data and algorithm-parameter settings.  

Based on the correlation analysis between the importance weight rankings of the complex 

network metrics by the BPANNs and the relevance rankings of the complex network metrics 

by the five FS methods, the relevance rankings by the Correlation Criteria (CC) method are 

found to be positively correlated to those of ANNs importance weights for high and medium 

volatility metric outputs and negatively correlated to low volatility metric outputs in all four 

volatility classes. The designer can apply different cut off thresholds on the CC ranking to 

include or exclude of certain complex network metrics and observe their effects on the 

prediction performance of the ANNs, however, due to the ANNs’ inability to extrapolate 

solutions extrapolate solutions outside the training data and repetitive parameter tunings, 

ANNs are not encouraged for use in predicting requirement change volatility. 

The MLL methods on the other hand can predict the multiple levels of all four 

volatility classes simultaneously and therefore, there is only one model by each method. 

Although MLL models are evaluated based on their own evaluation measures, it is obvious 

that they perform better than the regression models and the ANNs as seen in similar 

evaluation measures such as the AUC values. However, it is important to note that as in the 
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regression models and ANNs, the MLL models are dependent not only on the employed data 

but also on the combinations and parameter settings of the FS methods, PTMs, and base 

classifiers. For example, the base classifier employed in the top MLL models, the NN 

classifier, by itself alone is dependent on the choice of distance functions and 𝑘 values and 

limited by its requirement for large storage space. Similar to the ANNs, the MLL models are 

limited in interpretability and their ability to extrapolate outside the training data. 

Although the ordinal output cumulative logit models make use of the GA based on 

IC to select the best subset of complex network metrics with positive or negative contribution 

coefficient values, individually causing the volatility metrics to increase or decrease while 

other metrics are kept constant, there are no causal relationships between the input complex 

network metrics and the output volatility class metrics based on the physical definitions as 

explained in section 8.1. The selected complex network metric subsets are contributing 

network properties of a requirement node that helps in determining its change volatility 

metrics. Taking the transmittance regression model as an example, the metrics that represent 

the extent of a requirement node to facilitate the transfer of physical domain information 

among their neighbors or within their modules (such as efficiency, participation coefficient, 

flow coefficient, and within module degree) and the metrics that represent its indirect 

outgoing and incoming connections for transmittance and receival of physical domain 

information (such as incoming walks of length two and outgoing paths of length three) 

influence positively to its transmittance score levels. On the other hand, community metric 

representing the type of a requirement, in-degree representing the extent of physical domain 

information it receives from the neighbors, and incoming paths of length four, another metric 
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representing indirect incoming connections for receival of physical domain information 

influence negatively to its transmittance score levels. Unlike the regression models, the 

results in the MLL models are difficult to interpret as mentioned above. However, due to the 

increment steps of the number of employed complex network metrics based on the LP-IG 

FS method, the top seven complex network metrics that perform the best in the top seven 

MLL models and represent different network properties of a requirement node contributing 

to the models’ predictive ability are identified. As described in section 8.3, the metrics that 

represent the extent of physical domain information a requirement node receives (Katz 

centrality, authority centrality, and PageRank centrality), the metric that represents the extent 

of physical domain information it transmits (left eigenvector centrality), the metric that 

represents the extent of it to facilitate the transfer of physical domain information in the 

neighborhood (brokering coefficient), and the metrics that represent indirect outgoing and 

incoming connections for transmittance and receival of physical domain information 

(outgoing walks of length three and incoming walks of length three) contribute to the ability 

of the models to predict simultaneously the requirement’s change volatility class metrics. 

Due to their ability to select the best subsets of complex network metrics and the overall 

satisfactory performance, the transmittance regression model, the robustness regression 

model, and the top MLL models are concluded to be the generalized candidate models based 

on the employed data and algorithm-parameter settings of this research. 
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9.2. Recommendations and Future Work 

As presented above, the regression models perform well in predicting transmittance 

and robustness volatility class metrics and the top MLL models perform well in predicting 

all four volatility class metrics simultaneously. Due to their satisfactory overall performance 

and their ability to select the best subsets of complex network metrics representing the 

network properties of requirement nodes essential to the prediction capability of the volatility 

class metrics, this dissertation recommends exploring more in these two computational 

approaches. In doing so, it is also recommended to address the limitations observed in this 

research. The first limitation is the data scarcity in multiplicity and absorbance volatility 

scores that results in poor performance of the regression models and the ANNs. While there 

are many transmitters and robust requirements based on the modeled requirement network 

relationships, the number of multipliers and absorbers in the analyzed change instances that 

are checked against the modeled relationships are very few. Therefore, it is suggested to 

collect requirement change data of case studies from the industry through industrial 

partnerships or from the variety of senior design projects at Florida Institute of Technology. 

This will not only resolve the problem of data scarcity but also allow for the validation of 

the computational models against heterogeneous electromechanical projects. The second 

limitation is that the total number of possible combinations of algorithms-parameter settings 

to explore in both regression models and MLL models. The possible parameter combinations 

in the Genetic Algorithm employed in the regression analysis and those of MLL models in 

employed feature selection methods, the number of complex networks produced by the 

feature selection methods, problem transformation or algorithm adaption MLL methods, and 
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machine learning classifiers are so immense that it is considered worth exploring them using 

comprehensive grid search methods to obtain the best parameter settings once the data 

satisfactory in both quantity and quality is collected. Addressing these limitations in the 

future work will allow for the development of more robust generalized computational models 

to help engineers assess the change volatility of individual requirements before committing 

to implement a change to avoid time and monetary losses and unanticipated propagating 

changes. 
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Appendix A 

MATLAB Scripts (Refined ARCPP) 

%% Phyo Htet Hein @copyright PhyoHtetHein 2018 
% Modification and improvement of original code by Beshoy Morkos 

% based on findings of "Computational Representation and Reasoning 

Support for 

% Requirements Change Management in Complex System Design (Beshoy 

Morkos 2012, 

% Dissertation)" and "Predicting Requirement Change Propagation 

through 

% Investigation of Physical and Functional Domains (Phyo Htet Hein 

2015, 

% Thesis)". 

 

%% POStagger.m  
% This script converts the raw requirement list text file to tagged 

requirement list text file using POS tagger. 

 

import java.io.FileReader; 

import java.io.FileWriter; 

import java.io.IOException; 

import java.io.PrintWriter; 

import java.util.Scanner; 

javaaddpath('C:\Users\STRIDE\Desktop\ARCPP\POStagger2014-6-

16/stanford-postagger.jar'); 

import edu.stanford.nlp.io.EncodingPrintWriter.*; 

import edu.stanford.nlp.tagger.maxent.*; 

% Initialize the particular tagger you want to use 

tagger = MaxentTagger('./english-left3words-distsim.tagger'); 

% Read text file using FileReader 

curDir = cd; 

textFile = strcat(curDir,'/ EditedReq.txt'); 

read = FileReader(textFile); 

% Scan file read above 

scan = Scanner(read); 

% Create an output text file 

outputFileTxt = strcat(curDir,'/POSresult.txt'); 

out = PrintWriter(FileWriter(outputFileTxt)); 

% loop to run for each line 

while(scan.hasNextLine()) %while there is still a next line 

    input = scan.nextLine(); %scan the next line 

    tagged = tagger.tagString(input); %tag POS 

    out.println(tagged); %write tagged line to output file 

end 

out.close(); 
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%% Excerpt of the refined ARCPP.m 
% This script is part of the refined ARCPP tool and only includes 

only up to the point of generating pathlength order DSMs and binary 

DSMs which will be used to compute req change volatilities and 

complex network metrics. 

% This script is executed one time for one req document. 

 

% Function to open input "POSresult.txt" file obtained from Java 

POS tagger. 

% Output is Words is the matrix with: odd no.columns having each 

word in each req sentence in their rows and even no.columns having 

corresponding POS tags. 

requirementsfile = fopen('POSresult.txt','r'); 

[Words]=readPOSresult(requirementsfile); 

% Loading EditedReq.xlsx for Req (requirements) and r (size of 

requirements). 

[~,Req]= xlsread('EditedReq.xlsx'); 

r = length(Req); 

% Function to process input Words to produce output numnouns(max 

no. of nouns to extract from each req) and Nouns(cell matrix, each 

row representing a req and its each column containing individual 

extracted nouns). 

[Nouns,numnouns,wordlength]=POS(r,Words); 

% Function for combination matrix. 

[ComMat,relators]=ComMat(numnouns); 

c= length(ComMat); % using all nouns 

for a=c 

    z=0;  

    for i=1:r  

     R=Req{i,1};  

        for j=1:r  

        z=0; 

        for nn = 1:length(Nouns{j}) 

            if ComMatrix(a,nn)== 1 

            x=strfind(R,Nouns{j}{nn});  

                if x>=1; 

                x=1; 

                else 

                x=0; 

                end 

            z=z+x; 

            x=0; 

            end 

        end 

        DSM(j,i)=z; 

        end         

    end 

    BiDSM=DSM; 
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    BiDSM(BiDSM>0)=1; 

    OrderDSM = allshortestpaths(biograph(sparse(BiDSM))); % 

allshortestpaths from MatlabBGL 

end 

save('BiDSM','BiDSM','-v7.3'); 

save('OrderDSM','OrderDSM','-v7.3'); 

 

 

%% readPOSresult.m funtion. 
% Input ReqTextTagged is the raw POS tagged output from the POS 

tagger. 

% Output Words is the matrix with: odd no.columns having each word 

in each req sentence in their rows and even no.columns having 

corresponding POS tags. 

 

function[Words]=readPOSresult(ReqtextTagged) 

data = fread(ReqtextTagged, inf);  

chardata = char(data); 

chardataT=chardata'; 

[a,b]=size(chardataT); 

column1=1; 

column2=2*column1; 

numspace=0; 

numslash=0; 

wordbeforeslashPOS=1; 

for j=1:b 

    if (chardataT(a,j) == '_') 

       numslash=numslash+1; 

       C{numslash,column1}=chardataT(a,wordbeforeslashPOS:j-1); 

       if (C{numslash,column1}=='.') 

              numslash=0; 

              column1=column1+2; 

       end 

        wordafterslashPOS=j+1;    

    end 

    if (chardataT(a,j) == ' ') 

        numspace=numspace+1; 

        C{numspace,column2}=chardataT(a, wordafterslashPOS:j-1); 

        if (C{numspace,column2}=='.') 

            numspace=0; 

            column2=column2+2; 

        end 

        wordbeforeslashPOS=j+1; 

    end       

end 

[p,q]=size(C); 

Words=C; 

for i=1:p 

    for j=1:q 

        Words{i,j}=lower(Words{i,j}); 
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    end 

end 

 

 

%% POS.m function. 
% Input Words is the output from readPOSresult.m. 

% Output numnouns is the max no. of nouns to extract from each req. 

% Output Nouns is the cell matrix, each row representing a req and 

its each column containing individual extracted nouns. 

 

function[Nouns,numnouns,wordlength]=POS(r,Words) 

InitialNouns=cell(r,1); 

wordlength = length(Words); 

%% Develop a list of nouns 

for a=1:r %typically 1:number of requirements.  col 1 is word, col 

2 is tag 

    k=1; 

    for i=1:length(Words(:,1)) 

    x = strfind(Words{i,a*2},'nn'); 

        if x>0    

        InitialNouns{a}{k} = Words{i,a*2-1}; 

        k = k+1; 

        else 

        end 

    end 

end 

InitialNouns=cellfun(@(c) 

unique(c,'stable'),InitialNouns,'UniformOutput',false); 

for i=1:1:r 

    [~,InitialNoundata(i)]=size(InitialNouns{i}); 

end 

for j=1:1:max(InitialNoundata)  

    TotalNouns = cellfun(@(c) 

c(1:min(length(c),j)),InitialNouns,'UniformOutput',false); 

    a=horzcat(TotalNouns{1}); 

    for i=2:r 

        b=horzcat(a,TotalNouns{i}); 

        a=b; 

    end 

    [~,TotalNumNouns(1,j)]=size(a); 

    [~,UniqueNumNouns(1,j)]=size(unique(a,'stable')); 

    

percentuniquenessN(1,j)=round(((UniqueNumNouns(1,j)/TotalNumNouns(1

,j))),2); 

end 

for j=1:1:max(InitialNoundata) 

    if (UniqueNumNouns(1,max(InitialNoundata))-

UniqueNumNouns(1,j))<=(0.05*UniqueNumNouns(1,max(InitialNoundata))) 

        break 

    end 
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    numnouns=j+1; 

end 

Nouns=cellfun(@(c) 

c(1:min(length(c),numnouns)),InitialNouns,'UniformOutput',false); 

clear a b i InitialNoundata InitialNouns j k percentuniquenessN 

TotalNouns TotalNumNouns UniqueNumNouns x; 

 

 

%% ComMat.m function. 
% Function to produce combination matrix. 

 

function[ComMatrix,relators]=ComMat(numnouns) 

relators = numnouns; %total number of items which will be used to 

make relations 

ComMatrix = combinator(2,relators,'p','r'); % Permutations with 

repetition 

ComMatrix(ComMatrix == 1) = 0; 

ComMatrix(ComMatrix == 2) = 1; 
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Appendix B 

MATLAB Scripts (Requirement Change Volatility) 

%% Allpathsgenerator.m 
% This script finds all the paths (pathlength 1-4) stemming from 

the source node where the initial change occurs.  

% The maximum pathlength of req relationships in all case studies 

is found to be four and cycling paths are removed as discussed in 

Section 4.2. 

 

clc;clear all; 

addpath('C:\Users\STRIDE\Desktop\ComplexNetworks\BCT\2014_04_05 

BCT'); 

addpath('C:\Users\STRIDE\Desktop\ ComplexNetworks \SBEToolbox-

1.3.2'); 

addpath('C:\Users\STRIDE\Desktop\ ComplexNetworks \SBEToolbox-

1.3.2\lib\bgl'); 

% Start parallel workers (no. of workers depends on the machine) 

cpus = str2num(getenv('NUMBER_OF_PROCESSORS')); 

parpool('local',39) 

% Read case study's DSM. One case at a time. 

A=xlsread('DSMs.xlsx','Toho'); 

% ECN is [source sink] matrix. Use one at a time. 

ECN=[91 110];% TohoInstance1 
% ECN=[91 113];% TohoInstance2 

% ECN=[91 113];% TohoInstance3 

% ECN=[110 113];% TohoInstance4 

% ECN=[110 113];% TohoInstance5 

% A=xlsread('DSMs.xlsx','Pierburg'); 
% ECN is [source sink] matrix. Use one at a time. 

% ECN=[138 17];% PierburgInstance1 

% ECN=[138 25];% PierburgInstance2 

% ECN=[138 25];% PierburgInstance3 

% ECN=[17 25];% PierburgInstance4 

% ECN=[20 25];% PierburgInstance5 

% ECN=[20 25];% PierburgInstance6 

% ECN=[76 98];% PierburgInstance7 

% A=xlsread('DSMs.xlsx','Evraz'); 
% ECN is [source sink] matrix. Use one at a time. 

% ECN=[131 84];NBCP=[]; % EvrazInstance1 

% ECN=[131 84];NBCP=[96]; % EvrazInstance2 

% ECN=[131 96];NBCP=[]; % EvrazInstance3 

% ECN=[131 96];NBCP=[84]; % EvrazInstance4 

% All paths from source using findpaths.m from BCT. 

% Remove isolated nodes (if any) from DSM for findpaths.m. 

rid=[];z=1; 
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cid=[];zz=1; 

for i=1:length(A) 

    R=any(A(i,:));C=any(A(:,i)); 

    if  R==0  

        A(i,:)=0; 

        rid(z,1)=i;z=z+1; 

    end 

    if C==0 

        A(:,i)=0; 

        cid(zz,1)=i;zz=zz+1; 

    end 

end 

clear z zz R C; 

z=1:length(A); 

for j=1:length(rid) 

    z(z==rid(j,1))=0; 

end 

source=ECN(1,1);sink=ECN(1,2); 

parfor c=1:4 

    [~,~,~,~,allpths{1,c},~] = findpaths(A,source,c,1);  

end 

% Filter each path length (each cell is each path length) and 

remove full cycles 

for c=1:4 

    zeroindex=allpths{1,c}(c+1,:)==0; 

    allpths{1,c}=allpths{1,c}(:,~zeroindex); 

    cycleindex=allpths{1,c}(c+1,:)==source; 

    allpths{1,c}=allpths{1,c}(:,~cycleindex); 

end 

% Remove (both source and sink) from immediate nodes to remove 

internal cycles. 

c=2; 

cycleindex=allpths{1,c}(c,:)==source; 

allpths{1,c}=allpths{1,c}(:,~cycleindex); 

cycleindex=allpths{1,c}(c,:)==sink; 

allpths{1,c}=allpths{1,c}(:,~cycleindex); 

c=3; 

cycleindex=allpths{1,c}(c-1,:)==source; 

allpths{1,c}=allpths{1,c}(:,~cycleindex); 

cycleindex=allpths{1,c}(c,:)==source; 

allpths{1,c}=allpths{1,c}(:,~cycleindex); 

cycleindex=allpths{1,c}(c-1,:)==sink; 

allpths{1,c}=allpths{1,c}(:,~cycleindex); 

cycleindex=allpths{1,c}(c,:)==sink; 

allpths{1,c}=allpths{1,c}(:,~cycleindex); 

c=4; 

cycleindex=allpths{1,c}(c-2,:)==source; 

allpths{1,c}=allpths{1,c}(:,~cycleindex); 

cycleindex=allpths{1,c}(c-1,:)==source; 

allpths{1,c}=allpths{1,c}(:,~cycleindex); 
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cycleindex=allpths{1,c}(c,:)==source; 

allpths{1,c}=allpths{1,c}(:,~cycleindex); 

cycleindex=allpths{1,c}(c-2,:)==sink; 

allpths{1,c}=allpths{1,c}(:,~cycleindex); 

cycleindex=allpths{1,c}(c-1,:)==sink; 

allpths{1,c}=allpths{1,c}(:,~cycleindex); 

cycleindex=allpths{1,c}(c,:)==sink; 

allpths{1,c}=allpths{1,c}(:,~cycleindex); 

% Making sure all paths are unique 

for c=1:4 

    for i=1:length(allpths{1,c}(1,:)) 

        if 

length(allpths{1,c}(:,i))==length(unique(allpths{1,c}(:,i))) 

            allpthsunique{1,c}(:,i)=allpths{1,c}(:,i); 

        end; 

    end 

    zeroindex=allpthsunique{1,c}(1,:)==0; 

    allpthsunique{1,c}=allpthsunique{1,c}(:,~zeroindex); 

end 

TohoInstance1Allpaths=allpthsunique; 

save('TohoInstance1Allpaths.mat','TohoInstance1Allpaths', '-v7.3') 

 

 
%% Volatility1.m 
% This script computes the four volatility class metrics of each 

requirement that are on the source-sink paths as discussed in 

Section 4.2. 

 

clc;clear all; 

% Start parallel workers (no. of workers depends on the machine) 

cpus = str2num(getenv('NUMBER_OF_PROCESSORS')); 

parpool('local',39) 

% Requirement doc size and case study's change instances. One case 

at a time. 

% ECN is [source sink] matrix. IN is [immediate nodes] matrix. Use 

one at a time. 

% Toho 

r = 1:159; 

ECN=[91 110];IN=[];% TohoInstance1 

% ECN=[91 113];IN=[]; % TohoInstance2 

% ECN=[91 113];IN=[110]; % TohoInstance3 

% ECN=[110 113];IN=[]; % TohoInstance4 

% ECN=[110 113];IN=[91]; % TohoInstance5 

% Pierburg 

% r = 1:214; 

% ECN=[138 17];IN=[]; % PierburgInstance1 

% ECN=[138 25];IN=[]; % PierburgInstance2a 

% ECN=[138 25];IN=[17 20]; % PierburgInstance2b 

% ECN=[17 25];IN=[138 20]; % PierburgInstance3 
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% ECN=[20 25];IN=[]; % PierburgInstance4a 

% ECN=[20 25];IN=[138 17]; % PierburgInstance4b 

% ECN=[76 98];IN=[]; % PierburgInstance5 

% Evraz 

% r = 1:202; 

% ECN=[131 84];IN=[]; % EvrazInstance1 

% ECN=[131 84];IN=[96]; % EvrazInstance2 

% ECN=[131 96];IN=[]; % EvrazInstance3 

% ECN=[131 96];IN=[84]; % EvrazInstance4 

[c,d]=size(ECN); 

CN=union(ECN(ECN(1,:)~=0),IN,'stable'); % changed nodes 

NotCN=setdiff(r,CP,'stable'); % not changed nodes 

allpaths=load('TohoInstance1Allpaths.mat'); 

for c=1:4 

    index=allpaths.TohoInstance1Allpaths{1,c}(c+1,:)==ECN(1,2); 

    pathTosink{c}=allpaths.EvrazInstance2bAll{1,c}(:,index); % 

select paths going into sink only 

end 

for k=4 % Pathlength 4. Everything below this line is only for 

pathlength 4 only. Different pathlength will require different 

programming. 

    pathsink=pathTosink{k}; 

    pathsink=pathsink'; 

    [a1,b1]=size(pathsink); 

    % Initialize Multiplicity, Transmittance, Absorbance, 

Robustness cells. 

    M1=cell(a1,1); 

    T1=cell(a1,1); 

    A1=cell(a1,1); 

    R1=cell(a1,1); 

    parfor i=1:a1 

        M1{i}=zeros(1,length(r)); 

        T1{i}=zeros(1,length(r)); 

        A1{i}=zeros(1,length(r)); 

        R1{i}=zeros(1,length(r)); 

        INonPath=pathsink(i,2:b1-1); % Immediate nodes on path 

        NotNodesonPath=setdiff(r,pathsink(i,:)); % Not nodes on 

path 

        Multipliers=intersect(INonPath,IN,'stable'); 

        Transmitters=intersect(INonPath,NotNodesonPath,'stable'); 

        if b1==5 % pathlength 4 

            for z=2:b1-1 % Give immediate nodes on paths 

Transmittance and Multiplicity scores. 

                    if ismember(pathsink(i,z),Transmitters)==1 

                        T1{i}(1,pathsink(i,z))=(1/(b1-z)); 

                        for p=z+1:b1-1 

                            if 

ismember(pathsink(i,p),Multipliers)==1 

                                tt=(1/(p-z)); 

                            end 
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                            if 

ismember(pathsink(i,p),Multipliers)==0 

                                tt=0; 

                            end 

                            

T1{i}(1,pathsink(i,z))=T1{i}(1,pathsink(i,z))+tt; 

                        end 

                    end 

                    if ismember(pathsink(i,z),Multipliers)==1 

                        M1{i}(1,pathsink(i,z))=(1/(b1-z)); 

                        for p=z+1:b1-1 

                            if 

ismember(pathsink(i,p),Multipliers)==1 

                                mm=(1/(p-z)); 

                            end 

                            if 

ismember(pathsink(i,p),Multipliers)==0 

                                mm=0; 

                            end 

                            

M1{i}(1,pathsink(i,z))=M1{i}(1,pathsink(i,z))+mm; 

                        end 

                    end 

            end 

            % Give the sink Absorbance score based on the relative 

position of immediate nodes (Transmitters and Multipliers) and the 

source. 

            if ismember(pathsink(i,b1-1), Transmitters)==1 && 

ismember(pathsink(i,b1-2),Transmitters)==1 && 

ismember(pathsink(i,b1-3),Transmitters)==1 

                A1{i}(1,pathsink(i,b1))=(1/(b1-1)); 

            end 

            if ismember(pathsink(i,b1-1), Multipliers)==1 && 

ismember(pathsink(i,b1-2),Transmitters)==1 && 

ismember(pathsink(i,b1-3),Transmitters)==1 

                A1{i}(1,pathsink(i,b1))=(1/(b1-1)) + (1/(b1-b1+3)); 

            end 

            if ismember(pathsink(i,b1-1), Transmitters)==1 && 

ismember(pathsink(i,b1-2),Multipliers)==1 && 

ismember(pathsink(i,b1-3),Transmitters)==1 

                A1{i}(1,pathsink(i,b1))=(1/(b1-1)) + (1/(b1+2)); 

            end 

            if ismember(pathsink(i,b1-1), Multipliers)==1 && 

ismember(pathsink(i,b1-2),Multipliers)==1 && 

ismember(pathsink(i,b1-3),Transmitters)==1 

                A1{i}(1,pathsink(i,b1))=(1/(b1-1)) + (1/(b1-b1+3)) 

+ (1/(b1-b1+2)); 

            end 
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            if ismember(pathsink(i,b1-1), Transmitters)==1 && 

ismember(pathsink(i,b1-2),Transmitters)==1 && 

ismember(pathsink(i,b1-3),Multipliers)==1 

                A1{i}(1,pathsink(i,b1))=(1/(b1-1)) + (1/(b1-b1+1)); 

            end 

            if ismember(pathsink(i,b1-1), Multipliers)==1 && 

ismember(pathsink(i,b1-2),Transmitters)==1 && 

ismember(pathsink(i,b1-3),Multipliers)==1 

                A1{i}(1,pathsink(i,b1))=(1/(b1-1)) + (1/(b1-b1+3)) 

+ (1/(b1-b1+1)); 

            end 

            if ismember(pathsink(i,b1-1), Transmitters)==1 && 

ismember(pathsink(i,b1-2),Multipliers)==1 && 

ismember(pathsink(i,b1-3),Multipliers)==1 

                A1{i}(1,pathsink(i,b1))=(1/(b1-1)) + (1/(b1-b1+2)) 

+ (1/(b1-b1+1)); 

            end 

            if ismember(pathsink(i,b1-1), Multipliers)==1 && 

ismember(pathsink(i,b1-2),Multipliers)==1 && 

ismember(pathsink(i,b1-3),Multipliers)==1 

                A1{i}(1,pathsink(i,b1))=(1/(b1-1)) + (1/(b1-b1+3)) 

+ (1/(b1-b1+2)) + (1/(b1-b1+1)); 

            end 

        end 

    end 

    M1=cell2mat(M1); 

    T1=cell2mat(T1); 

    A1=cell2mat(A1); 

    R1=cell2mat(R1); 

    if  isempty(M1)==1 

        M1=zeros(a1,length(r)); 

    end 

    if isempty(T1)==1 

        T1=zeros(a1,length(r)); 

    end 

    if isempty(A1)==1 

        A1=zeros(a1,length(r)); 

    end 

    if isempty(R1)==1 

        R1=zeros(a1,length(r)); 

    end 

    M1=round(M1,3);T1=round(T1,3);A1=round(A1,3);R1=round(R1,3); 

    

M1(isnan(M1))=0;T1(isnan(T1))=0;A1(isnan(A1))=0;R1(isnan(R1))=0; 

    V1{k,1}=M1; 

    V1{k,2}=T1; 

    V1{k,3}=A1; 

    V1{k,4}=R1; 

    clearvars -except V1 ECN IN c d r k CN NotCN pathTosink 

end  
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save('TohoInstance1Vola.mat','V1','-v7.3') 

% cell row: pathlenth. cell column:M,T,A,R 

% within each cell: row: no. of paths. column: no. of req. 

 

 
%% Volatility2.m 
% This script computes the four volatility class metrics of each 

requirement that are on the source-changednodes & source-

notchangednodes paths as discussed in Section 4.2. 

 

clc;clear all; 

% Start parallel workers (no. of workers depends on the machine) 

cpus = str2num(getenv('NUMBER_OF_PROCESSORS')); 

parpool('local',39) 

% Requirement doc size and case study's change instances. One case 

at a time. 

% ECN is [source sink] matrix. IN is [immediate nodes] matrix. Use 

one at a time. 

% Toho 

r = 1:159; 

ECN=[91 110];IN=[];% TohoInstance1 

% ECN=[91 113];IN=[]; % TohoInstance2 

% ECN=[91 113];IN=[110]; % TohoInstance3 

% ECN=[110 113];IN=[]; % TohoInstance4 

% ECN=[110 113];IN=[91]; % TohoInstance5 

% Pierburg 

% r = 1:214; 

% ECN=[138 17];IN=[]; % PierburgInstance1 

% ECN=[138 25];IN=[]; % PierburgInstance2a 

% ECN=[138 25];IN=[17 20]; % PierburgInstance2b 

% ECN=[17 25];IN=[138 20]; % PierburgInstance3 

% ECN=[20 25];IN=[]; % PierburgInstance4a 

% ECN=[20 25];IN=[138 17]; % PierburgInstance4b 

% ECN=[76 98];IN=[]; % PierburgInstance5 

% Evraz 

% r = 1:202; 

% ECN=[131 84];IN=[]; % EvrazInstance1 

% ECN=[131 84];IN=[96]; % EvrazInstance2 

% ECN=[131 96];IN=[]; % EvrazInstance3 

% ECN=[131 96];IN=[84]; % EvrazInstance4 

[c,d]=size(ECN); 

CN=union(ECN(ECN(1,:)~=0),IN,'stable'); % changed nodes 

NotCN=setdiff(r,CP,'stable'); % not changed nodes 

allpaths=load('TohoInstance1Allpaths.mat'); 

for c=1:4 

    index=allpaths.TohoInstance1Allpaths{1,c}(c+1,:)~=ECN(1,2); 

    pathNotTosink{c}=allpaths.EvrazInstance2bAll{1,c}(:,index); % 

select paths going into sink only 

end 
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for k=4 % Pathlength 4. Everything below this line is only for 

pathlength 4 only. Different pathlength will require different 

programming. 

    pathnotsink=pathNotTosink{k}; 

    pathnotsink=pathnotsink'; 

    [a2,b2]=size(pathnotsink); 

    % Initialize Multiplicity, Transmittance, Absorbance, 

Robustness cells. 

    M2=cell(a2,1); 

    T2=cell(a2,1); 

    A2=cell(a2,1); 

    R2=cell(a2,1); 

    parfor i=1:a2 

        M2{i}=zeros(1,length(r)); 

        T2{i}=zeros(1,length(r)); 

        A2{i}=zeros(1,length(r)); 

        R2{i}=zeros(1,length(r)); 

        INonPath=pathnotsink(i,2:b1-1); % Immediate nodes on path 

        NotNodesonPath=setdiff(r,pathnotsink(i,:)); % Not nodes on 

path 

        Multipliers=intersect(INonPath,IN,'stable'); 

        Transmitters=intersect(INonPath,NotNodesonPath,'stable'); 

        if b2==5 % pathlength 4 

            if ismember(pathnotsink(i,b2),NotCN)==1 % If the sink 

is not a changed node, give the sink and immediate nodes respective 

M,T,A,R scores.  

                if ismember(pathnotsink(i,b2-1),Transmitters)==1 

                    if ismember(pathnotsink(i,b2-

2),Transmitters)==1 

                        if ismember(pathnotsink(i,b2-

3),Transmitters)==1 

                            R2{i}(1,pathnotsink(i,b2-3))=(1/(b2-3-

1)); 

                            R2{i}(1,pathnotsink(i,b2-2))=(1/(b2-2-

1)); 

                            R2{i}(1,pathnotsink(i,b2-1))=(1/(b2-1-

1)); 

                            R2{i}(1,pathnotsink(i,b2))=(1/(b2-1)); 

                        end 

                        if ismember(pathnotsink(i,b2-

3),Multipliers)==1 

                            A2{i}(1,pathnotsink(i,b2-3))=(1/(b2-3-

1)); 

                            R2{i}(1,pathnotsink(i,b2-2))=(1/(b2-2-

1)) + (1/(b2-2-b2+3)); 

                            R2{i}(1,pathnotsink(i,b2-1))=(1/(b2-1-

1)) + (1/(b2-1-b2+3)); 

                            R2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + 

(1/(b2-b2+3)); 

                        end 
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                    end               

                    if ismember(pathnotsink(i,b2-2),Multipliers)==1 

                        if ismember(pathnotsink(i,b2-

3),Transmitters)==1 

                            T2{i}(1,pathnotsink(i,b2-3))=(1/(b2-2-

b2+3)); 

                            A2{i}(1,pathnotsink(i,b2-2))=(1/(b2-2-

1)); 

                            R2{i}(1,pathnotsink(i,b2-1))=(1/(b2-1-

1)) + (1/(b2-1-b2+2)); 

                            R2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + 

(1/(b2-b2+2)); 

                        end 

                        if ismember(pathnotsink(i,b2-

3),Multipliers)==1 

                            M2{i}(1,pathnotsink(i,b2-3))=(1/(b2-2-

b2+3)); 

                            A2{i}(1,pathnotsink(i,b2-2))=(1/(b2-2-

1)) + (1/(b2-2-b2+3)); 

                            R2{i}(1,pathnotsink(i,b2-1))=(1/(b2-1-

1)) + (1/(b2-1-b2+3)) + (1/(b2-1-b2+2)); 

                            R2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + 

(1/(b2-b2+3)) + (1/(b2-b2+2)); 

                        end 

                    end 

                end 

                if ismember(pathnotsink(i,b2-1),Multipliers)==1 

                    if ismember(pathnotsink(i,b2-

2),Transmitters)==1 

                        if ismember(pathnotsink(i,b2-

3),Transmitters)==1 

                            T2{i}(1,pathnotsink(i,b2-3))=(1/(b2-1-

b2+3)); 

                            T2{i}(1,pathnotsink(i,b2-2))=(1/(b2-1-

b2+2)); 

                            A2{i}(1,pathnotsink(i,b2-1))=(1/(b2-1-

1)); 

                            R2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + 

(1/(b2-b2+1)); 

                        end 

                        if ismember(pathnotsink(i,b2-

3),Multipliers)==1 

                            M2{i}(1,pathnotsink(i,b2-3))=(1/(b2-1-

b2+3)); 

                            T2{i}(1,pathnotsink(i,b2-2))=(1/(b2-1-

b2+2)); 

                            A2{i}(1,pathnotsink(i,b2-1))=(1/(b2-1-

1)) + (1/(b2-1-b2+3)); 

                            R2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + 

(1/(b2-b2+3)) + (1/(b2-b2+1)); 
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                        end 

                    end            

                    if ismember(pathnotsink(i,b2-2),Multipliers)==1 

                        if ismember(pathnotsink(i,b2-

3),Transmitters)==1 

                            T2{i}(1,pathnotsink(i,b2-3))=(1/(b2-2-

b2+3)) + (1/(b2-1-b2+3)); 

                            M2{i}(1,pathnotsink(i,b2-2))=(1/(b2-1-

b2+2)); 

                            A2{i}(1,pathnotsink(i,b2-1))=(1/(b2-1-

1)) + (1/(b2-1-b2+2)); 

                            R2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + 

(1/(b2-b2+2)) + (1/(b2-b2+1)); 

                        end 

                        if ismember(pathnotsink(i,b2-

3),Multipliers)==1 

                            M2{i}(1,pathnotsink(i,b2-3))=(1/(b2-1-

b2+3)) + (1/(b2-2-b2+3)); 

                            M2{i}(1,pathnotsink(i,b2-2))=(1/(b2-1-

b2+2)); 

                            A2{i}(1,pathnotsink(i,b2-1))=(1/(b2-1-

1)) + (1/(b2-1-b2+3)) + (1/(b2-1-b2+2)); 

                            R2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + 

(1/(b2-b2+3)) + (1/(b2-b2+2)) + (1/(b2-b2+1)); 

                        end 

                    end 

                end 

            end 

            if ismember(pathnotsink(i,b2),CN)==1 % if the sink is a 

changed node 

                for z=2:b2-1 % Give immediate nodes on paths 

Transmittance and Multiplicity scores. 

                    if ismember(pathnotsink(i,z),Transmitters)==1 

                        T2{i}(1,pathnotsink(i,z))=(1/(b2-z)); 

                        for p=z+1:b2-1 

                            if 

ismember(pathnotsink(i,p),Multipliers)==1 

                                tt=(1/(p-z)); 

                            end 

                            if 

ismember(pathnotsink(i,p),Multipliers)==0 

                                tt=0; 

                            end 

                            

T2{i}(1,pathnotsink(i,z))=T2{i}(1,pathnotsink(i,z))+tt; 

                        end 

                    end 

                    if ismember(pathnotsink(i,z),Multipliers)==1 

                        M2{i}(1,pathnotsink(i,z))=(1/(b2-z)); 

                        for p=z+1:b2-1 
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                            if 

ismember(pathnotsink(i,p),Multipliers)==1 

                                mm=(1/(p-z)); 

                            end 

                            if 

ismember(pathnotsink(i,p),Multipliers)==0 

                                mm=0; 

                            end 

                            

M2{i}(1,pathnotsink(i,z))=M2{i}(1,pathnotsink(i,z))+mm; 

                        end 

                    end 

                end 

                % Give the sink Absorbance score based on the 

relative position of immediate nodes (Transmitters and Multipliers) 

and the source. 

                if ismember(pathnotsink(i,b2-1), Transmitters)==1 

&& ismember(pathnotsink(i,b2-2),Transmitters)==1 && 

ismember(pathnotsink(i,b2-3),Transmitters)==1 

                    A2{i}(1,pathnotsink(i,b2))=(1/(b2-1)); 

                end 

                if ismember(pathnotsink(i,b2-1), Multipliers)==1 && 

ismember(pathnotsink(i,b2-2),Transmitters)==1 && 

ismember(pathnotsink(i,b2-3),Transmitters)==1 

                    A2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + (1/(b2-

b2+3)); 

                end 

                if ismember(pathnotsink(i,b2-1), Transmitters)==1 

&& ismember(pathnotsink(i,b2-2),Multipliers)==1 && 

ismember(pathnotsink(i,b2-3),Transmitters)==1 

                    A2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + 

(1/(b2+2)); 

                end 

                if ismember(pathnotsink(i,b2-1), Multipliers)==1 && 

ismember(pathnotsink(i,b2-2),Multipliers)==1 && 

ismember(pathnotsink(i,b2-3),Transmitters)==1 

                    A2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + (1/(b2-

b2+3)) + (1/(b2-b2+2)); 

                end 

                if ismember(pathnotsink(i,b2-1), Transmitters)==1 

&& ismember(pathnotsink(i,b2-2),Transmitters)==1 && 

ismember(pathnotsink(i,b2-3),Multipliers)==1 

                    A2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + (1/(b2-

b2+1)); 

                end 

                if ismember(pathnotsink(i,b2-1), Multipliers)==1 && 

ismember(pathnotsink(i,b2-2),Transmitters)==1 && 

ismember(pathnotsink(i,b2-3),Multipliers)==1 

                    A2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + (1/(b2-

b2+3)) + (1/(b2-b2+1)); 
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                end 

                if ismember(pathnotsink(i,b2-1), Transmitters)==1 

&& ismember(pathnotsink(i,b2-2),Multipliers)==1 && 

ismember(pathnotsink(i,b2-3),Multipliers)==1 

                    A2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + (1/(b2-

b2+2)) + (1/(b2-b2+1)); 

                end 

                if ismember(pathnotsink(i,b2-1), Multipliers)==1 && 

ismember(pathnotsink(i,b2-2),Multipliers)==1 && 

ismember(pathnotsink(i,b2-3),Multipliers)==1 

                    A2{i}(1,pathnotsink(i,b2))=(1/(b2-1)) + (1/(b2-

b2+3)) + (1/(b2-b2+2)) + (1/(b2-b2+1)); 

                end 

            end 

        end 

    end 

    M2=cell2mat(M2); 

    T2=cell2mat(T2); 

    A2=cell2mat(A2); 

    R2=cell2mat(R2); 

    if  isempty(M2)==1 

        M2=zeros(a2,length(r)); 

    end 

    if isempty(T2)==1 

        T2=zeros(a2,length(r)); 

    end 

    if isempty(A2)==1 

        A2=zeros(a2,length(r)); 

    end 

    if isempty(R2)==1 

        R2=zeros(a2,length(r)); 

    end 

    M2=round(M2,3);T2=round(T2,3);A2=round(A2,3);R2=round(R2,3); 

    

M2(isnan(M2))=0;T2(isnan(T2))=0;A2(isnan(A2))=0;R2(isnan(R2))=0; 

    V2{k,1}=M2; 

    V2{k,2}=T2; 

    V2{k,3}=A2; 

    V2{k,4}=R2; 

    clearvars -except V2 ECN IN c d r k CN NotCN pathNotTosink 

end 

save('TohoInstance1Volb.mat','V2','-v7.3') 

% cell row: pathlenth. cell column:M,T,A,R 

% within each cell: row: no. of paths. column: no. of req. 

 

 
%% Volatility3.m 
% This script prepares the final volatility matrix and save in 

file. 
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load('TohoInstance1Vola.mat'); % V1 

load('TohoInstance1Volb.mat'); % V2 

% Sum over all paths for each of M,T,A,R inside V1(from 

Volatility1.m) and V2(from Volatility2.m). 

for i=4 % pathlength 4 

    for j=1:4 

        V1{i,j}=sum(V1{i,j},1); 

    end 

end 

for i=4 

    for j=1:4 

        V2{i,j}=sum(V2{i,j},1); 

    end 

end 

% Normalize by the max value wrt other requirements. 

for i=4 

    for j=1:4 

        V{i,j}=vertcat(V1{i,j},V2{i,j}); 

        Vol{i,j}=sum(V{i,j},1)./max(sum(V{i,j},1)); 

        Vol{i,j}(isnan(Vol{i,j}))=0; 

    end 

   Volatility{i}=[Vol{i,1};Vol{i,2};Vol{i,3};Vol{i,4}]';  

end 

TohoInstance1Volatility=Volatility; 

save('TohoInstance1Volatility.mat','TohoInstance1Volatility','-

v7.3') 

% cell row: 1. cell column: pathlength 

% within each cell: row: no. of req. column: M,T,A,R 

% Normalize over all the channge instances. 

load('TohoInstance1Volatility.mat');A=TTohoInstance1Volatility; 

load('TohoInstance2Volatility.mat');B=TTohoInstance2Volatility; 

load('TohoInstance3Volatility.mat');C=TTohoInstance3Volatility; 

load('TohoInstance4Volatility.mat');D=TTohoInstance4Volatility; 

load('TohoInstance15Volatility.mat');E=TTohoInstance5Volatility; 

for j=4 % pathlength 4 

    allInstanceVol{1,j}=A{1,j}+B{1,j}+C{1,j}+D{1,j}+E{1,j}; 

    for i=1:4 

        z=max(allInstanceVol{1,j}(:,i)); 

        allInstanceVol{1,j}(:,i)=allInstanceVol{1,j}(:,i)./z; 

    end 

    allInstanceVol{1,j}(isnan(allInstanceVol{1,j}))=0; 

end 

TohoAllInstanceVolatility=allinstanceVol; 

save('TohoAllInstanceVolatility.mat','TohoAllInstanceVolatility','-

v7.3') 

% cell row: 1. cell column: pathlength 

% within each cell: row: no. of req. column: M,T,A,R 

% Divide three levels (low,med,high) for each of M,T,A,R 

load('TohoAllInstanceVolatility.mat') 
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for j=4 % pathlength 4 

    for i=1:4 

        for k=1:length(TohoAllInstanceVolatility{1,j}) 

            if TohoAllInstanceVolatility{1,j}(k,i)>0.66 

                TohoAllInstanceVolatility{1,j}(k,i)=2; 

            end 

            if TohoAllInstanceVolatility{1,j}(k,i)<=0.66 && 

TohoAllInstanceVolatility{1,j}(k,i)>=0.33 

                TohoAllInstanceVolatility{1,j}(k,i)=1; 

            end 

            if TohoAllInstanceVolatility{1,j}(k,i)<0.33 

                TohoAllInstanceVolatility{1,j}(k,i)=0; 

            end 

        end 

    end 

end 

save('TohoAllInstanceVolatility.mat','TohoAllInstanceVolatility','-

v7.3') 

% Now volatility scores are in levels (low=0,med=1,high=2) 
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Appendix C 

MATLAB Scripts (Complex Network Metrics) 

%% NetworkMetricsGenerator.m 
% Modification and improvement of "Application of Complex Network 

Metrics to Support Computational Reasoning of Requirement Change 

Propagation in Complex System Design (Varun Menon 2015, Thesis) 

% This script reads the DSMs (saved in an excel file) obtained from 

the refined ARCPP tool to calculate and write the employed complex 

network metrics on an excel file. 

 
clc;clear all; 

addpath('C:\Users\STRIDE\Desktop\ComplexNetworks\BCT\2014_04_05 

BCT'); 

addpath('C:\Users\STRIDE\Desktop\ComplexNetworks\SBEToolbox-

1.3.2'); 

addpath('C:\Users\STRIDE\Desktop\ComplexNetworks\SBEToolbox-

1.3.2\lib\bgl'); 

% Start parallel workers (no. of workers depends on the machine). 
cpus = str2num(getenv('NUMBER_OF_PROCESSORS')); 

parpool('local',39) 

% DSM names of each case study. 
DSMs= {'Toho';...  

    'Pierburg';... 

    'Evraz'}; 

% Calculate complex network metrics for each DSM and write in new 

excel file. 
for k = 1:length(DSMs) 

    loadFromFilename = 'DSMs.xlsx'; 

    A = xlsread(loadFromFilename,char(DSMs(k))); 

    n = size(A,1); 

    [GlobalDescript,PairwiseDescript] = calculateBinDirMetrics(A); 

    Result{k} = cat(2,GlobalDescript,PairwiseDescript);   

    sheet=k; 

    xlswrite('ComplexNetworkMetrics.xlsx',Result{k},sheet,'A2'); 

end 
 

 

%% calculateBinDirMetrics.m 
% Modification and improvement of "Application of Complex Network 

Metrics to Support Computational Reasoning of Requirement Change 

Propagation in Complex System Design (Varun Menon 2015, Thesis) 

% This script is the main function to calculate the employed 

complex network metrics using binary directed DSMs. 
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% Eccentricity (BCT) 

distance = distance_bin(A); 

[lambda,efficiency,eccentricity,radius,diameter] = 

charpath(distance); 

% Efficiency (BCT) 

Eloc_bin = efficiency_bin(A,1); 

% Vulnerability (BCT) not sure 

V = (vulnerability(A,0))'; 

% Clustering coefficient (BCT) 

C_bd = clustering_coef_bd(A); 

% Degree, in-degree, out-degree (MIT) 

[deg,indeg,outdeg]=degrees(A); 

deg = deg'; 

indeg = indeg'; 

outdeg = outdeg'; 

% Average neighbor degree (MIT) 

ave_neigh_deg=ave_neighbor_deg(A); 

% In-closeness centrality, out-closeness centrality (MIT) 

[closeIn,closeOut]=closeness(sparse(A)); 

% Delta centrality (SBET) 

delta_cent=delta_centrality(sparse(A)); 

% Bridging centrality, bridging coefficient (SBET) 

[bridging_cent,~,bridging_coeff]=bridging_centrality(sparse(A)); 

% Random walk centrality 

% Florian Bloechl, Fabian J. Theis, Fernando Vega-Redondo,and Eric 

O?N. Fisher: Vertex Centralities in Input-Output Networks Reveal 

the Structure of Modern Economies 

% http://www.helmholtz-muenchen.de/cmb/ionetworks 

random_walk_cent=rwcentrality(A); 

% Betweenness centrality (BCT) 

BC_bin = betweenness_bin(sparse(A)); 

BC_bin = BC_bin'; 

% Counting betweenness centrality 

% Florian Bloechl, Fabian J. Theis, Fernando Vega-Redondo,and Eric 

O?N. Fisher: Vertex Centralities in Input-Output Networks Reveal 

the Structure of Modern Economies 

% http://www.helmholtz-muenchen.de/cmb/ionetworks 

counting_betw = counting_betweenness(A); 

% Flow coefficient, total flow paths (BCT) 

[flow_coeff,avg_flow_coeff,total_flow_paths] = flow_coef_bd(A); 

flow_coeff = flow_coeff'; 

total_flow_paths = total_flow_paths'; 

% Brokering coefficient (SBET) 

brokering_coeff=brokeringcoeff(sparse(A)); 

% Right eigenvector centrality, left eigenvector centrality (MIT) 

[eigcent_right,eigcent_left] = eigencentrality(A); 

% Alpha centrality 

% Kristina Lerman 
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% 

http://www.isi.edu/integration/people/lerman/load.html?src=http://w

ww.isi.edu/~lerman/downloads/code/centrality.html 

alpha = 1/(max(eig(A))/2); 

alpha_cent = alpha_centrality(A,alpha); 

% Katz centrality not sure 

katz_cent = katzcentrality(A,alpha); 

% Subgraph centrality (BCT) 

subgraph_cent = subgraph_centrality(A); 

% K-coreness centrality (BCT) 

[coreness_cent,~] = kcoreness_centrality_bd(A);   

coreness_cent = coreness_cent'; 

% Pagerank centrality (BCT) 

d = 0.85; % Damping coefficient - empirically determined at Google, 

INC. 

epsilon = 0.005; % Probability seed per node 

PageRank = pagerank_centrality(A,d,epsilon); 

% Authority centrality, hubs centrality not sure 

[auth,hubs] = HITS(A); 

% Community (BCT) 

gamma = 1; 

[Ci_init Q_init] = modularity_dir(A,gamma); 

Ci_init_trans = Ci_init'; 

[Ci_fine Q_fine] = modularity_finetune_dir(A,Ci_init,gamma); 

Ci_fine_trans = Ci_fine'; 

% Participation coefficient (BCT) 

participation_coeff=participation_coef(A,Ci_fine);  

% Within module degree (BCT) 

Z=module_degree_zscore(A,Ci_fine,3); 

% In-max flow, out-max flow (MatlabBGL library, David 

Gleich:Copyright, Stanford University, 2006-2008) 

for i=1:length(A) 

    for j = 1:length(A) 

        maxFlow(i,j) = max_flow(sparse(A),i,j); 

    end      

end 

for i=1:length(A) 

    maxFlow_o(i,:)=sum(maxFlow(i,:)); 

    maxFlow_i(i,:)=sum(maxFlow(:,i)); 

end 

% In-walk count, out-walk count (BCT) 

[Wq,~,~] = findwalks(A); 

for c = 1:4 

    for i = 1:length(A) 

        WALKs{c}(i,:)=Wq(i,:,c); 

    end      

end 

for c=1:4 

    for i=1:length(A) 

        walk_count_o(i,c)=sum(WALKs{c}(i,:)); 
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        walk_count_i(i,c)=sum(WALKs{c}(:,i)); 

    end 

end 

% In-path count, out-path count (BCT) 

rid=[];z=1; 

cid=[];zz=1; 

for i=1:length(A) 

    R=any(A(i,:));C=any(A(:,i)); 

    if  R==0  

        A(i,:)=0; 

        rid(z,1)=i;z=z+1; 

    end 

    if C==0 

        A(:,i)=0; 

        cid(zz,1)=i;zz=zz+1; 

    end 

end 

clear z zz R C; 

z=1:length(A); 

for j=1:length(rid) 

    z(z==rid(j,1))=0; 

end 

for c = 4 

    parfor i = 1:length(z) 

        if z(i)~=0   

            [Pq1{i,1},~,~,~,~,~] = findpaths(A,z(i),c,0);  

        end 

    end  

end 

for c = 1:4 

    for i = 1:length(z) 

        if z(i)~=0 

        PATHs{c}(i,:)=Pq1{i,1}(i,:,c); 

        end 

    end 

    PATHs{c}(logical(eye(size(PATHs{c})))) = 0; 

    path_count_o(:,c)=sum(PATHs{c},2); 

    path_count_i(:,c)=sum(PATHs{c},1)'; 

end 

% Global descriptive metrics 

GlobalDescript(1:length(A),1)=eccentricity; 

GlobalDescript(1:length(A),2)=Eloc_bin; 

GlobalDescript(1:length(A),3)=V; 

GlobalDescript(1:length(A),4)=C_bd; 

GlobalDescript(1:length(A),5)=deg; 

GlobalDescript(1:length(A),6)=indeg; 

GlobalDescript(1:length(A),7)=outdeg; 

GlobalDescript(1:length(A),8)=ave_neigh_deg; 

GlobalDescript(1:length(A),9)=closeIn; 

GlobalDescript(1:length(A),10)=closeOut; 
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GlobalDescript(1:length(A),11)=delta_cent; 

GlobalDescript(1:length(A),12)=bridging_cent; 

GlobalDescript(1:length(A),13)=bridging_coeff; 

GlobalDescript(1:length(A),14)=random_walk_cent; 

GlobalDescript(1:length(A),15)=BC_bin; 

GlobalDescript(1:length(A),16)=counting_betw; 

GlobalDescript(1:length(A),17)=flow_coeff; 

GlobalDescript(1:length(A),18)=total_flow_paths; 

GlobalDescript(1:length(A),19)=brokering_coeff; 

GlobalDescript(1:length(A),20)=eigcent_right; 

GlobalDescript(1:length(A),21)=eigcent_left; 

GlobalDescript(1:length(A),22)=alpha_cent; 

GlobalDescript(1:length(A),23)=katz_cent; 

GlobalDescript(1:length(A),24)=subgraph_cent;    

GlobalDescript(1:length(A),25)=coreness_cent; 

GlobalDescript(1:length(A),26)=PageRank; 

GlobalDescript(1:length(A),27)=auth; 

GlobalDescript(1:length(A),28)=hubs; 

GlobalDescript(1:length(A),29)=participation_coeff; 

GlobalDescript(1:length(A),30)=Z; 

GlobalDescript(1:length(A),31)=Ci_fine_trans; 

% Pairwise descriptive metrics 

PairwiseDescript=horzcat(path_count_o,path_count_i,walk_count_o,wal

k_count_i,maxFlow_o,maxFlow_i); 

% Normalized complex network metrics 

[a,b]=size(GlobalDescript); 

for j=1:30 

    for i=1:a 

        GlobalDescript(i,j)=((GlobalDescript(i,j)-

min(GlobalDescript(:,j)))*(0.91-0.09)/(max(GlobalDescript(:,j))-

min(GlobalDescript(:,j))))+0.09; 

        GlobalDescript(i,j)=round(GlobalDescript(i,j),3); 

    end 

end 

     

[a,b]=size(PairwiseDescript); 

for j=1:b 

    for i=1:a 

        PairwiseDescript(i,j)=((PairwiseDescript(i,j)-

min(PairwiseDescript(:,j)))*(0.91-

0.09)/(max(PairwiseDescript(:,j))-

min(PairwiseDescript(:,j))))+0.09; 

        PairwiseDescript(i,j)=round(PairwiseDescript(i,j),3); 

    end 

end 

%% After Appendix A, Appendix B, and Appendix C 

%% An Excel file (e.g.Transmittance.csv) can be now manually 

prepared for computational methods. 

%% Each row is the requirement and columns are complex network 

metrics with the last column the volatility class metric. 
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Appendix D 

R Scripts (Regression Analysis) 

### RA_OOCLM.R 
### Regression Analysis (RA). 

### Ordinal Output Cumulative Logit Model. 

### This script builds ordinal output cumulative logit models. 

 

## Import required packages 

library(aod) 

library(XLConnect) 

library(ggplot2) 

library(e1071) 

library(psych) 

library(glmulti) 

library(MASS) 

library(generalhoslem) 

library(pROC) 

library(caret) 

## Clear Workspace and set working directory. 

rm(list=ls()) 

setwd("/Users/STRIDE/Desktop/Rcodes") 

## Prepare data. 

# Read data.csv file (Column data file: last column is response 

variable. Change name for different volatility class). 

Data<-read.csv("Transmittance.csv") 

# Change data to zero for NA cases. 

Data[is.na(Data)]<-0 

# Factorize "x31:community metric". 

Data$x31<-factor(Data$x31) 

# Change response to ordered encoding. 

Data$PL4.Output<-

factor(Data$PL4.Output,levels=c("0","1","2"),ordered=TRUE) 

# Split data randomly for hold-out method (75% train - 25% test). 

trainingRows <- sample(1:nrow(Data), 0.75 * nrow(Data)) 

trainData <- Data[trainingRows, ] 

testData <- Data[-trainingRows, ] 

# Response variable (train set and test set). 

ResvarTrain<-trainData$PL4.Output 

ResvarTest<-testData$PL4.Output 

## Formulae. 

# 1st formula with 25 input variables (First, run this ten times in 

glmulti with polr fit function. Record the best model formula as 

discussed in Chapter 7). 



 

340 

formula=ResvarTrain ~ 

x1+x2+x3+x4+x5+x6+x7+x8+x9+x10+x11+x12+x13+x14+x15+x16+x17+x18+x19+

x20+x21+x22+x23+x24+x25 

# 2nd formula with 24 input variables (Second, run this ten times 

in glmulti with polr fit function. Record the best model formula as 

discussed in Chapter 7). 

formula=ResvarTrain ~ 

x26+x27+x28+x29+x30+x31+x32+x33+x34+x35+x36+x37+x38+x39+x40+x41+x42

+x43+x44+x45+x46+x47+x48+x49 

## Build model (Use with each of the above two formulae). 

# Polr fit function to pass to glmulti. 

pass.glmul<-

function(formula,data){polr(as.formula(paste(deparse(formula))),dat

a=data,Hess=TRUE)} 

# Use this if above pass.glmul does not work. 

source('fixed-polr.r') # Please see 

http://r.789695.n4.nabble.com/bugs-and-misfeatures-in-polr-MASS-

fixed-td3024677.html 

pass.glmul<-

function(formula,data){polr(as.formula(paste(deparse(formula))),dat

a=data,Hess=TRUE)} 

# Run glmulti and obtain the best model. 

model<-

glmulti(formula,level=1,data=trainData,fitfunction=pass.glmul,metho

d="g",crit="aicc",mutrate=10^-3,sexrate = 0.1,imm = 0.3,deltaB = 

0.05,deltaM=0.05,conseq = 5) 

model@objects[[1]] 

# Predict model on test data. 

modelprediction<-predict(model@objects[[1]],testData) 

modelprediction<-as.numeric(as.character(modelprediction)) 

# Compute evaluation measures. 

Accuracy<-

mean(as.character(ResvarTest)==as.character(modelprediction)) 

CM<-confusionMatrix(modelprediction,ResvarTest,mode='everything') 

CM$byClass[,1][is.na(CM$byClass[,1])]<-0 

Sensitivity<-mean(CM$byClass[,1]) 

CM$byClass[,2][is.na(CM$byClass[,2])]<-0 

Specificity<-mean(CM$byClass[,2]) 

CM$byClass[,5][is.na(CM$byClass[,5])]<-0 

Precision<-mean(CM$byClass[,5]) 

CM$byClass[,7][is.na(CM$byClass[,7])]<-0 

F1<-mean(CM$byClass[,7]) 

modelprediction<-as.numeric(as.character(modelprediction)) 

modelroc<-multiclass.roc(ResvarTest,modelprediction) 

Auroc<-auc(modelroc) 

modelHL<-logitgof(ResvarTrain,fitted(model),g=10,ord=TRUE) 

HLstats<-modelHL$statistic 

Pvalue<-modelHL$p.value 

print(Accuracy);print(Sensitivity);print(Specificity);print(Precisi

on);print(F1);print(Auroc);print(HLstats);print(Pvalue) 
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performance<-cbind(Accuracy, Sensitivity, Specificity, Precision, 

F1, Auroc, HLstats, Pvalue) 

## 3rd formula (Combine the best models obtained from 1st and 2nd 

formulae. Run this ten times in three different randomly sampled 

data split. Each of the ten models will have three sets of 

performance evaluation measures). 

formula=ResvarTrain ~ 

x27+x22+x42+x45+x39+x34+x18+x13+x3+x7+x36+x31+x6+x29+x21+x17+x2+x30

+x44 

## Build model (Use with the 3rd formulae). 

# Polr fit function to pass to glmulti. 

pass.glmul<-

function(formula,data){polr(as.formula(paste(deparse(formula))),dat

a=data,Hess=TRUE)} 

# Use this if above pass.glmul does not work. 

source('fixed-polr.r') # Please see 

http://r.789695.n4.nabble.com/bugs-and-misfeatures-in-polr-MASS-

fixed-td3024677.html 

pass.glmul<-

function(formula,data){polr(as.formula(paste(deparse(formula))),dat

a=data,Hess=TRUE)} 

# Run glmulti and obtain the best model. 

model<-

glmulti(formula,level=1,data=trainData,fitfunction=pass.glmul,metho

d="g",crit="aicc",mutrate=10^-3,sexrate = 0.1,imm = 0.3,deltaB = 

0.05,deltaM=0.05,conseq = 5) 

model@objects[[1]] 

# Predict model on test data. 

modelprediction<-predict(model@objects[[1]],testData) 

modelprediction<-as.numeric(as.character(modelprediction)) 

# Compute evaluation measures. 

Accuracy<-

mean(as.character(ResvarTest)==as.character(modelprediction)) 

CM<-confusionMatrix(modelprediction,ResvarTest,mode='everything') 

CM$byClass[,1][is.na(CM$byClass[,1])]<-0 

Sensitivity<-mean(CM$byClass[,1]) 

CM$byClass[,2][is.na(CM$byClass[,2])]<-0 

Specificity<-mean(CM$byClass[,2]) 

CM$byClass[,5][is.na(CM$byClass[,5])]<-0 

Precision<-mean(CM$byClass[,5]) 

CM$byClass[,7][is.na(CM$byClass[,7])]<-0 

F1<-mean(CM$byClass[,7]) 

modelprediction<-as.numeric(as.character(modelprediction)) 

modelroc<-multiclass.roc(ResvarTest,modelprediction) 

Auroc<-auc(modelroc) 

modelHL<-logitgof(ResvarTrain,fitted(model),g=10,ord=TRUE) 

HLstats<-modelHL$statistic 

Pvalue<-modelHL$p.value 

print(Accuracy);print(Sensitivity);print(Specificity);print(Precisi

on);print(F1);print(Auroc);print(HLstats);print(Pvalue) 
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performance<-cbind(Accuracy, Sensitivity, Specificity, Precision, 

F1, Auroc, HLstats, Pvalue) 
 

 

### RA_OOCLM_MODELCOMPARE.R 
### The ten models obtained from 3rd formula, each with three sets 

of performance evaluation measures are compared across each 

evaluation measures. 

### This script compares the ten models across each evaluation 

measure. 

### The final best model is selected as discussed in Chapter 7. 

 

### Accuracy 

## Clear Workspace and set working directory. 

rm(list=ls()) 

setwd("/Users/STRIDE/Desktop/Rcodes") 

## Read evaluation measure values (Change row no. for different 

evaluation measure. Change sheet name for different volatility 

class.) 

require(xlsx) 

rows=seq(2,12,1);cols=seq(2,5,1) # 1st column is models' serial no. 

2nd-4th columns are three sets of Accuracy values. 

Accuracy<-read.xlsx("RA_Results.xlsx", sheetName = 

"Transmittance",rowIndex = rows,colIndex = cols,header = T) 

## For example, for sensitivity: 

# rows=seq(13,23,1);cols=seq(2,5,1) 

# Sensitivity<-read.xlsx("RA_Results.xlsx", sheetName = 

"Transmittance",rowIndex = rows,colIndex = cols,header = T) 

rn<-as.character(Accuracy[,1]) 

rownames(Accuracy)<-rn 

Accuracy<-Accuracy[,2:4];Accuracy<-t(Accuracy) 

Accuracy[is.na(Accuracy)]<-0 

## For HL stats: 

# rows=seq(68,78,1);cols=seq(2,5,1) 

# HLstats<-read.xlsx("Results_Draft.xlsx", sheetName = 

"OLRResults",rowIndex = rows,colIndex = cols,header = T) 

# rn<-as.character(HLstats[,1]) 

# rownames(HLstats)<-rn 

# HLstats<-HLstats[,2:4];HLstats<-t(HLstats) 

# HLstats<-(((HLstats-min(HLstats))/(max(HLstats)-

min(HLstats)))*(0.99-0.01))+0.01 

# HLstats=1-HLstats 

# HLstats[is.na(HLstats)]<-0 

## Plot distributions of evaluation measure values. 

plotDensities(Accuracy)+labs(colour="Models") 

## Perform Friedman test and Nemenyi Test. 

library(devtools) 

library(scmamp) 

source('http://bioconductor.org/biocLite.R') 
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biocLite('Rgraphviz') 

FriedTest<-friedmanTest(Accuracy);Friedpvalue<-

as.character(round(FriedTest$p.value,3)) 

NemenyiTest<-nemenyiTest(Accuracy,alpha=0.05) 

# Plot critical difference. 

plotCD(Accuracy,alpha = 0.05,cex=1);title(main=paste("Friedman P-

value:",round(FriedTest$p.value,3),"\nCD:",round(NemenyiTest$statis

tic,3)),cex.main=1) 

## Perform Friedman test and Friedman posthoc test with corrected 

p-values. 

FriedTest<-friedmanTest(Accuracy) 

MultiTest<-multipleComparisonTest(Accuracy, algorithms = NULL, 

group.by = NULL,test = "friedman", correct = "none", alpha = 0.05) 

PostHocTest<-postHocTest(Accuracy, algorithms = NULL, group.by = 

NULL, test = "friedman",control = NULL, use.rank = TRUE, sum.fun = 

mean, correct = "shaffer",alpha = 0.05) 

# Plot p-values. 

alg.order <- order(PostHocTest$summary) 

plt <- plotPvalues(PostHocTest$corrected.pval, alg.order=alg.order)  

plt + labs(title=paste(""),x="Model",y="Model") 
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Appendix E 

R Scripts (Artificial Neural Networks) 

### ANN_BPANN.R 
### Artificial Neural Networks (ANNs). 

### Backpropagation Artificial Neural Networks (BPANNs). 

### This script builds BPANNs. 

 

## Import required packages 

library(aod) 

library(XLConnect) 

library(ggplot2) 

library(e1071) 

library(psych) 

library(RSNNS) 

library(generalhoslem) 

library(pROC) 

library(caret) 

## Clear Workspace and set working directory. 

rm(list=ls()) 

setwd("/Users/STRIDE/Desktop/Rcodes") 

## Prepare data. 

# Read data.csv file (Column data file: last column is response 

variable. Change name for different volatility class). 

Data<-read.csv("Transmittance.csv") 

# Change data to zero for NA cases. 

Data[is.na(Data)]<-0 

# Factorize "x31:community metric". 

Data$x31<-factor(Data$x31) 

# Change response to one-hot encoding. 
for(unique_value in unique(Data$PL4.Output)){ 

  Data[paste("PL4.Output", unique_value, sep = ".")] <- 

ifelse(Data$PL4.Output == unique_value, 1, 0) 

} 

# Split data randomly for hold-out method (75% train - 25% test). 

Resvar=Data[c("PL4.Output.0","PL4.Output.1","PL4.Output.2")] 

colnames(Resvar)<-c("Low","Med","High") 

x<-data.matrix(Data[,1:49]) 

trainingRows <- sample(1:nrow(Data), 0.75 * nrow(Data)) 

# Response variable (train set and test set). 

ResvarTrain <- Resvar[trainingRows, ] 

ResvarTest <- Resvar[-trainingRows, ] 

# Input variables (train set and test set). 

xTrain <- x[trainingRows, ] 

xTest <- x[-trainingRows, ] 

## Build BPANNs. 
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# Initiate performance evaluation measures arrays. 

Accuracy<-NULL 

Sensitivity<-NULL 

Specificity<-NULL 

Precision<-NULL 

F1<-NULL 

Auroc<-NULL 

HLstats<-NULL 

Pvalue<-NULL 

# Obtain 75 BPANNs for number of hidden neurons 1-150 at 2 neurons 

increments (Run this with three different randomly sampled data 

split. Each BPANN will have three sets of performance evaluation 

measures). 

i<-0 
for (j in seq(2,150,2)){ 

i<-i+1 

model<-mlp(xTrain, ResvarTrain,size=c(j),maxit=100,initFunc = 

"Randomize_Weights", initFuncParams = c(-0.3, 0.3), 

learnFunc = "BackpropMomentum", learnFuncParams = c(0.2, 

0.9,0.1,0), updateFunc = "Topological_Order",updateFuncParams 

= c(0), hiddenActFunc = "Act_Logistic", shufflePatterns = 

TRUE, linOut = FALSE, outputActFunc = 

"Act_Logistic",inputsTest = xTest, targetsTest = ResvarTest, 

pruneFunc = NULL, pruneFuncParams = NULL) 

# Predict BPANN on test data. 

modelprediction<-predict(model,xTest) 

# Compute evaluation measures. 

Accuracy[i]<-

mean(as.character(encodeClassLabels(ResvarTest))==as.characte

r(encodeClassLabels(modelprediction))) 

CM<-

confusionMatrix(encodeClassLabels(modelprediction),encodeClas

sLabels(ResvarTest),mode='everything') 

CM$byClass[,1][is.na(CM$byClass[,1])]<-0 

Sensitivity[i]<-mean(CM$byClass[,1]) 

CM$byClass[,2][is.na(CM$byClass[,2])]<-0 

Specificity[i]<-mean(CM$byClass[,2]) 

CM$byClass[,5][is.na(CM$byClass[,5])]<-0 

Precision[i]<-mean(CM$byClass[,5]) 

CM$byClass[,7][is.na(CM$byClass[,7])]<-0 

F1[i]<-mean(CM$byClass[,7]) 

modelroc<-

multiclass.roc(factor(encodeClassLabels(ResvarTest)),encodeCl

assLabels(modelprediction)) 

Auroc[i]<-auc(modelroc) 

modelHL<-

logitgof(factor(encodeClassLabels(ResvarTrain)),model$fitted.

values,g=10) 

HLstats[i]<-modelHL$statistic 

Pvalue[i]<-modelHL$p.value 
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} 

NHN<-seq(2,150,2) 

Performance<-cbind(NHN, Accuracy, Sensitivity, Specificity, 

Precision, F1, Auroc, HLstats, Pvalue) 

 

 
### ANN_BPANN_MODELCOMPARE.R 
### The BPANNs, each with three sets of performance evaluation 

measures are compared across each evaluation measures. 

### This script compares 75 BPANNs across each evaluation measure. 

### The final best BPANN is selected as discussed in Chapter 7. 

 

### Accuracy 

## Clear Workspace and set working directory. 

rm(list=ls()) 

setwd("/Users/STRIDE/Desktop/Rcodes") 

## Read evaluation measure values (Change row no. for different 

evaluation measure. Change sheet name for different volatility 

class.) 

## First look for BPANNs with Auroc>0.5 

# require(xlsx) 

# rows=seq(382,457,1);cols=seq(2,5,1) 

# Auroc<-read.xlsx("ANNs_Results.xlsx", sheetName = 

"Transmittance",rowIndex = rows,colIndex = cols,header = T) 

# Auroc <- Auroc[rowSums(Auroc > 0.5) > 1,] 

# selectedrn_ANN<-

rownames(Auroc);save(selectedrn_ANN,file="selectedrn_ANN.Rdata") 

require(xlsx) 

rows=seq(2,77,1);cols=seq(2,5,1) # 1st column is ANNs' hidden 

neuron no. 2nd-4th columns are three sets of Accuracy values. 

Accuracy<-read.xlsx("ANNs_Results.xlsx", sheetName = 

"Transmittance",rowIndex = rows,colIndex = cols,header = T) 

## For example, for sensitivity: 

# rows=seq(78,153,1);cols=seq(2,5,1) 

# Sensitivity<-read.xlsx("ANNs_Results.xlsx", sheetName = 

"Transmittance",rowIndex = rows,colIndex = cols,header = T) 

load("selectedrn_ANN.Rdata");selectedrn_ANN<-

as.numeric(selectedrn_ANN) 

rows=selectedrn_ANN 

Accuracy <- Accuracy[Accuracy[,1] %in% 

rows,][order(na.exclude(match(Accuracy[,1], rows))),] 

rn<-as.character(Accuracy[,1]) 

rownames(Accuracy)<-rn 

Accuracy<-Accuracy[,2:4];Accuracy<-t(Accuracy) 

Accuracy[is.na(Accuracy)]<-0 

## For HL stats: 

# rows=seq(458,533,1);cols=seq(2,5,1) 

# HLstats<-read.xlsx("ANNs_Results.xlsx", sheetName = 

"Transmittance",rowIndex = rows,colIndex = cols,header = T) 
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# load("selectedrn_ANN.Rdata");selectedrn_ANN<-

as.numeric(selectedrn_ANN) 

# rows=selectedrn_ANN 

# HLstats <- HLstats[HLstats[,1] %in% 

rows,][order(na.exclude(match(HLstats[,1], rows))),] 

# rn<-as.character(HLstats[,1]) 

# rownames(HLstats)<-rn 

# HLstats<-HLstats[,2:4];HLstats<-t(HLstats) 

# HLstats<-(((HLstats-min(HLstats))/(max(HLstats)-

min(HLstats)))*(0.99-0.01))+0.01 

# HLstats=1-HLstats 

# HLstats[is.na(HLstats)]<-0 

## Plot distributions of evaluation measure values. 

plotDensities(Accuracy)+labs(colour="NHN") 

## Perform Friedman test and Nemenyi Test. 

library(devtools) 

library(scmamp) 

source('http://bioconductor.org/biocLite.R') 

biocLite('Rgraphviz') 

FriedTest<-friedmanTest(Accuracy) 

NemenyiTest<-nemenyiTest(Accuracy,alpha=0.05) 

# Plot critical difference. 

plotCD(Accuracy,alpha = 0.05,cex=0.75);title(main=paste("Friedman 

P-

value:",round(FriedTest$p.value,3),"\nCD:",round(NemenyiTest$statis

tic,3)),cex.main=1) 

## Perform Friedman test and Friedman posthoc test with corrected 

p-values. 

FriedTest<-friedmanTest(Accuracy) 

MultiTest<-multipleComparisonTest(Accuracy, algorithms = NULL, 

group.by = NULL,test = "friedman", correct = "none", alpha = 0.05) 

PostHocTest<-postHocTest(Accuracy, algorithms = NULL, group.by = 

NULL, test = "friedman",control = NULL, use.rank = TRUE, sum.fun = 

mean, correct = "shaffer",alpha = 0.05) 

# Plot p-values. 

alg.order <- order(PostHocTest$summary) 

plt <- plotPvalues(PostHocTest$corrected.pval, alg.order=alg.order)  

plt + labs(title=paste(""),x="NHN-Model",y="NHN-Model") 

### After finding the final best BPANN, run this to save and plot 

its relative importance of input complex network metrics. 

# size in mlp = no. of hidden neuron of the best BPANN. 
model<-mlp(xTrain, ResvarTrain,size= ,maxit=100,initFunc = 

"Randomize_Weights", initFuncParams = c(-0.3, 0.3), learnFunc = 

"BackpropMomentum", learnFuncParams = c(0.2, 0.9,0.1,0), updateFunc 

= "Topological_Order",updateFuncParams = c(0), hiddenActFunc = 

"Act_Logistic", shufflePatterns = TRUE, linOut = FALSE, 

outputActFunc = "Act_Logistic",inputsTest = xTest, targetsTest = 

ResvarTest, pruneFunc = NULL, pruneFuncParams = NULL) 

# Change plot titles for different volatility class. 

library(NeuralNetTools) 
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plotnet(model) 

wts<-neuralweights(model) 

RelImp<-olden(model,out_var="Output_High") 

RelImpData<-RelImp$data 

barplot(RelImpData$importance,names.arg=rownames(RelImpData),main="

Variable Importance_High Transmittance",xlab="Complex Network 

Metrics ID",ylab="Importance Weights") 

RelImp<-olden(model,out_var="Output_Med") 

RelImpData<-RelImp$data 

barplot(RelImpData$importance,names.arg=rownames(RelImpData),main="

Variable Importance_Medium Transmittance",xlab="Complex Network 

Metrics ID",ylab="Importance Weights") 

RelImp<-olden(model,out_var="Output_Low") 

RelImpData<-RelImp$data 

barplot(RelImpData$importance,names.arg=rownames(RelImpData),main="

Variable Importance_Low Transmittance",xlab="Complex Network 

Metrics ID",ylab="Importance Weights") 

 
 

### Correlation_ANNvsFS.R 
### This script finds the correlation between importance weight 

rankings of complex network metrics by BPANNs and relevance 

rankings of complex network metrics by FS methods. 

 

## Clear Workspace and set working directory. 

rm(list=ls()) 

setwd("/Users/STRIDE/Desktop/Rcodes") 

## Prepare data. 

# Read data.csv file (Column data file: last column is response 

variable. Change name for different volatility class). 

Data<-read.csv("Transmittance.csv") 

# Change data to zero for NA cases. 

Data[is.na(Data)]<-0 

# Factorize "x31:community metric". 

Data$x31<-factor(Data$x31) 

# Change response to ordered encoding. 

Data$PL4.Output<-

factor(Data$PL4.Output,levels=c("0","1","2"),ordered=TRUE) 

# Response variable. Input variables. 

Inputvar<-Data[,1:49] 

Resvar<-Data$PL4.Output; 

NewData<-cbind(Inputvar,Resvar) 

## Calculate FS metrics. 

# CHI, IG, and RLF 

library(FSelector) 

CHI<-chi.squared(Resvar~.,NewData);IG<-

information.gain(Resvar~.,NewData);RLF<-relief(Resvar~.,NewData) 

# CC 

require(Hmisc) 
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Pearson<-rcorr(data.matrix(NewData),type = "pearson");CC<-

Pearson$r;CC<-CC[1:49,50] 

# mRMR 

library(mRMRe) 

Data1<-data.matrix(NewData) 

mrData<-new("mRMRe.Data", data = data.frame(Data1[ , 1:50, 

drop=FALSE])) 

filter <- mRMR.classic("mRMRe.Filter", data = mrData, 

target_indices = 50,feature_count = 49) 

mRMR<-scores(filter);mRMR<-mRMR$`50` 

# FS scores. 

FSmetrics<-cbind(CC,CHI,IG,RLF,mRMR) 

FSmetrics[is.na(FSmetrics)]<-0 

is.na(FSmetrics)<-sapply(FSmetrics, 

is.infinite);FSmetrics[is.na(FSmetrics)]<-0 

## Read importance weights by BPANNs (Column data file: each column 

is importance weights. Change sheetname for for different 

volatility class). 

require(xlsx) 

rows=seq(2,51,1);cols=seq(2,4,1) 

ANNwts<-read.xlsx("BPANN_wts.xlsx", sheetName = 

"Transmittance",rowIndex = rows,colIndex = cols,header = T) 

## Main matrix (Change name for each Low, Med, High) 

X<-cbind(FSmetrics,ANNwts) 

rownames(X)<-seq(1:49);colnames(X)<-

c("CC","CHI","IG","RLF","mRMR","ANN-H","ANN-M","ANN-L") 

X<-data.matrix(X, rownames.force = NA) 

## Calcualte and plot Spearman correlation. 

require(Hmisc);Spear<-rcorr(X,type = "spearman") 

require(corrplot);devtools::install_github("vsimko/corrplot") 

corrplot(Spear$r,method = "number",title = "Spearman's Rho",order = 

"original",addrect = 2,mar=c(2,2,2,2),p.mat=Spear$P, sig.level = 

0.05,insig = "n") 

corrplot(Spear$r,method = "number",title = "Spearman's Rho",order = 

"hclust",addrect = 3,mar=c(2,2,2,2),p.mat=Spear$P, sig.level = 

0.05,insig = "pch") 

## Calculate and plot Kendall correlation. 

require(psych);Ken<-corr.test(X,method = "kendall",alpha = 

0.05,adjust= "none") 

corrplot(Ken$r,method = "number",title = "Kendall's Tau",order = 

"original",addrect = 2,mar=c(2,2,2,2),p.mat=Ken$p, sig.level = 

0.05,insig = "n") 

corrplot(Ken$r,method = "number",title = "Kendall's Tau",order = 

"hclust",addrect = 3,mar=c(2,2,2,2),p.mat=Ken$p, sig.level = 

0.05,insig = "pch") 
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Appendix F 

Java and R Scripts (Multilabel Learning Methods) 

/*multilabel.java*/ 
/*Referenced libraries are mulan.jar, mulan-src.jar, weka-

3.7.10.jar, decimal4j-1.0.3-sources.jar*/ 

/*Mulan requires data files in .arff and .xml file. Weka Gui 

interface is used to read csv files to convert into required 

formats.*/ 

/*Multilabel models' performance evaluation measures are written 

into text files and manually copied into excel files to analyze in 

R.*/ 

 
/*Import required classes*/ 
import java.io.*; 

import java.io.FileReader; 

import java.io.FileWriter; 

import java.io.IOException; 

import java.io.PrintWriter; 

import java.util.Scanner; 

import java.util.ArrayList; 

import java.util.Arrays; 

import java.util.List; 

import java.io.BufferedWriter; 

import weka.attributeSelection.ASEvaluation; 

import 

mulan.dimensionalityReduction.BinaryRelevanceAttributeEvaluator; 

import 

mulan.dimensionalityReduction.LabelPowersetAttributeEvaluator; 

import weka.attributeSelection.InfoGainAttributeEval; 

import weka.attributeSelection.ReliefFAttributeEval; 

import mulan.dimensionalityReduction.Ranker; 

import weka.filters.Filter; 

import weka.filters.unsupervised.attribute.Remove; 

import weka.filters.unsupervised.instance.RemovePercentage; 

import mulan.data.MultiLabelInstances; 

import weka.core.Instances; 

import weka.core.Utils; 

import mulan.evaluation.MultipleEvaluation; 

/*Weka Base Learners*/ 

import weka.classifiers.bayes.NaiveBayes; 

import weka.classifiers.trees.J48; 

import weka.classifiers.functions.SMO; 

import weka.classifiers.lazy.IBk; 

/*Problem Transformation Methods (Binary Methods)*/ 

import mulan.classifier.transformation.BinaryRelevance; 
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import mulan.classifier.transformation.ClassifierChain; 

import mulan.classifier.transformation.EnsembleOfClassifierChains; 

/*Problem Transformation Methods (Label Combinations Methods)*/ 

import mulan.classifier.transformation.LabelPowerset; 

import mulan.classifier.transformation.PrunedSets; 

import mulan.classifier.meta.HOMER; 

import mulan.classifier.meta.HierarchyBuilder; 

import mulan.classifier.transformation.EnsembleOfPrunedSets; 

import mulan.classifier.meta.RAkEL; 

/*Problem Transformation Methods (Pairwise Methods)*/ 

import mulan.classifier.transformation.CalibratedLabelRanking; 

/*Algorithm Adaptation Methods (MLkNN, BPMLL and AdaBoost)*/ 

import mulan.classifier.lazy.MLkNN; 

import mulan.classifier.lazy.MultiLabelKNN; 

import mulan.classifier.neural.BPMLL; 

import mulan.classifier.transformation.AdaBoostMH; 

import mulan.evaluation.Evaluation; 

import mulan.evaluation.Evaluator; 

/* public class for nine PTMs with four base classifiers*/ 

public class multilabel { 

    public static void main(String[] args) throws 

        Exception { 

        System.out.println("Loading the dataset"); 

        MultiLabelInstances Dataset = new 

MultiLabelInstances("multilabeldata.arff", "multilabeldata.xml"); 

        /*Four feature selection methods. Use one at a time.*/ 

        /*For BRIG*/ 

        ASEvaluation ase = new InfoGainAttributeEval(); 

        BinaryRelevanceAttributeEvaluator ae = new 

BinaryRelevanceAttributeEvaluator(ase, Dataset,"avg", "dm", 

"eval"); 

        /*For BRRF*/ 

        ASEvaluation ase = new ReliefFAttributeEval(); 

        BinaryRelevanceAttributeEvaluator ae = new 

BinaryRelevanceAttributeEvaluator(ase, Dataset,"avg", "dm", 

"eval"); 

        /*For LPIG*/ 

        ASEvaluation ase = new InfoGainAttributeEval(); 

        LabelPowersetAttributeEvaluator ae = new 

LabelPowersetAttributeEvaluator(ase, Dataset); 

        /*For LPRF*/ 

        ASEvaluation ase = new ReliefFAttributeEval(); 

        LabelPowersetAttributeEvaluator ae = new 

LabelPowersetAttributeEvaluator(ase, Dataset); 

        /*Rank complex network metrics based on FS methods*/ 

        Ranker r = new Ranker(); 

        int[] result = r.search(ae, Dataset); 

        System.out.println(Arrays.toString(result)); 

 

        /*Create arraylists*/ 
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        ArrayList<String> mylist1 = new ArrayList<String>(); 

        ArrayList<String> mylist2 = new ArrayList<String>(); 

        ArrayList<String> mylist3 = new ArrayList<String>(); 

        ArrayList<String> mylist4 = new ArrayList<String>(); 

        /*Number of complex network metrics 7-49 with 7 metrics 

increment. Filter data based on the included metrics.*/ 

        int NUM_TO_KEEP = 0; 

        for (NUM_TO_KEEP=7;NUM_TO_KEEP<=49; NUM_TO_KEEP+=7) 

        { 

        int[] toKeep = new int[NUM_TO_KEEP + 

Dataset.getNumLabels()]; 

        System.arraycopy(result, 0, toKeep, 0, NUM_TO_KEEP); 

        int[] labelIndices = Dataset.getLabelIndices(); 

        System.arraycopy(labelIndices, 0, toKeep, NUM_TO_KEEP, 

Dataset.getNumLabels()); 

        Remove filterRemove = new Remove(); 

        filterRemove.setAttributeIndicesArray(toKeep); 

        filterRemove.setInvertSelection(true); 

        filterRemove.setInputFormat(Dataset.getDataSet()); 

        Instances filtered = Filter.useFilter(Dataset.getDataSet(), 

filterRemove); 

        MultiLabelInstances FilteredDataset = new 

MultiLabelInstances(filtered, Dataset.getLabelsMetaData()); 

        /*Split the data into training and testing set*/ 

        Instances finaldata = FilteredDataset.getDataSet(); 

        RemovePercentage rmvp = new RemovePercentage(); 

        rmvp.setInvertSelection(true); 

        rmvp.setPercentage(Double.parseDouble("75")); 

        rmvp.setInputFormat(finaldata); 

        Instances trainDataSet = Filter.useFilter(finaldata, rmvp); 

        rmvp = new RemovePercentage(); 

        rmvp.setPercentage(Double.parseDouble("25")); 

        rmvp.setInputFormat(finaldata); 

        Instances testDataSet = Filter.useFilter(finaldata, rmvp); 

        MultiLabelInstances train = new 

MultiLabelInstances(trainDataSet, "mulanexample.xml"); 

        ultiLabelInstances test = new 

MultiLabelInstances(testDataSet, "mulanexample.xml"); 

        /* Nine PTMs with four base classifiers. Use one at a 

time.*/ 

        /*BR with NB,DT,SVM,KNN*/ 

        BinaryRelevance learner1 = new BinaryRelevance(new 

NaiveBayes()); 

        BinaryRelevance learner2 = new BinaryRelevance(new J48()); 

        BinaryRelevance learner3 = new BinaryRelevance(new SMO()); 

        BinaryRelevance learner4 = new BinaryRelevance(new IBk()); 

        learner1.build(train); 

        learner2.build(train); 

        learner3.build(train); 

        learner4.build(train); 
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        Evaluator eval = new Evaluator(); 

        Evaluation results1 = eval.evaluate(learner1, test, train); 

        Evaluation results2 = eval.evaluate(learner2, test, train); 

        Evaluation results3 = eval.evaluate(learner3, test, train); 

        Evaluation results4 = eval.evaluate(learner4, test, train); 

        System.out.println(results1.toString()); 

        System.out.println(results2.toString()); 

        System.out.println(results3.toString()); 

        System.out.println(results4.toString()); 

        /* CC with NB,DT,SVM,KNN*/ 

        ClassifierChain learner1 = new ClassifierChain(new 

NaiveBayes()); 

        ClassifierChain learner2 = new ClassifierChain(new J48()); 

        ClassifierChain learner3 = new ClassifierChain(new SMO()); 

        ClassifierChain learner4 = new ClassifierChain(new IBk()); 

        learner1.build(train); 

        learner2.build(train); 

        learner3.build(train); 

        learner4.build(train); 

        Evaluator eval = new Evaluator(); 

        Evaluation results1 = eval.evaluate(learner1, test, train); 

        Evaluation results2 = eval.evaluate(learner2, test, train); 

        Evaluation results3 = eval.evaluate(learner3, test, train); 

        Evaluation results4 = eval.evaluate(learner4, test, train); 

        System.out.println(results1.toString()); 

        System.out.println(results2.toString()); 

        System.out.println(results3.toString()); 

        System.out.println(results4.toString()); 

        /*ECC with NB,DT,SVM,KNN (no.models=10,average vote=True, 

replacement=True)*/ 

        EnsembleOfClassifierChains learner1 = new 

EnsembleOfClassifierChains(new NaiveBayes(), 10, true, true); 

        EnsembleOfClassifierChains learner2 = new 

EnsembleOfClassifierChains(new J48(), 10, true, true); 

        EnsembleOfClassifierChains learner3 = new 

EnsembleOfClassifierChains(new SMO(), 10, true, true); 

        EnsembleOfClassifierChains learner4 = new 

EnsembleOfClassifierChains(new IBk(), 10, true, true); 

        learner1.build(train); 

        learner2.build(train); 

        learner3.build(train); 

        learner4.build(train); 

        Evaluator eval = new Evaluator(); 

        Evaluation results1 = eval.evaluate(learner1, test, train); 

        Evaluation results2 = eval.evaluate(learner2, test, train); 

        Evaluation results3 = eval.evaluate(learner3, test, train); 

        Evaluation results4 = eval.evaluate(learner4, test, train); 

        System.out.println(results1.toString()); 

        System.out.println(results2.toString()); 

        System.out.println(results3.toString()); 
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        System.out.println(results4.toString()); 

        /*LP with NB,DT,SVM,KNN*/ 

        LabelPowerset learner1 = new LabelPowerset(new 

NaiveBayes()); 

        LabelPowerset learner2 = new LabelPowerset(new J48()); 

        LabelPowerset learner3 = new LabelPowerset(new SMO()); 

        LabelPowerset learner4 = new LabelPowerset(new IBk()); 

        learner1.build(train); 

        learner2.build(train); 

        learner3.build(train); 

        learner4.build(train); 

        Evaluator eval = new Evaluator(); 

        Evaluation results1 = eval.evaluate(learner1, test, train); 

        Evaluation results2 = eval.evaluate(learner2, test, train); 

        Evaluation results3 = eval.evaluate(learner3, test, train); 

        Evaluation results4 = eval.evaluate(learner4, test, train); 

        System.out.println(results1.toString()); 

        System.out.println(results2.toString()); 

        System.out.println(results3.toString()); 

        System.out.println(results4.toString()); 

        /*RAkEL with NB,DT,SVM,KNN (no.models=2Q=24,size 

labelset=Q/2=6)*/ 

        RAkEL learner1 = new RAkEL(new LabelPowerset(new 

NaiveBayes()),24,6); 

        RAkEL learner2 = new RAkEL(new LabelPowerset(new 

J48()),24,6); 

        RAkEL learner3 = new RAkEL(new LabelPowerset(new 

SMO()),24,6); 

        RAkEL learner4 = new RAkEL(new LabelPowerset(new 

IBk()),24,6); 

        learner1.build(train); 

        learner2.build(train); 

        learner3.build(train); 

        learner4.build(train); 

        Evaluator eval = new Evaluator(); 

        Evaluation results1 = eval.evaluate(learner1, test, train); 

        Evaluation results2 = eval.evaluate(learner2, test, train); 

        Evaluation results3 = eval.evaluate(learner3, test, train); 

        Evaluation results4 = eval.evaluate(learner4, test, train); 

        System.out.println(results1.toString()); 

        System.out.println(results2.toString()); 

        System.out.println(results3.toString()); 

        System.out.println(results4.toString()); 

        /*PS with NB,DT,SVM,KNN (Ap=1, strategy B, Ab=2)*/ 

        PrunedSets learner1 = new PrunedSets(new NaiveBayes(), 1, 

PrunedSets.Strategy.B, 2); 

        PrunedSets learner2 = new PrunedSets(new J48(), 1, 

PrunedSets.Strategy.B, 2); 

        PrunedSets learner3 = new PrunedSets(new SMO(), 1, 

PrunedSets.Strategy.B, 2); 
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        PrunedSets learner4 = new PrunedSets(new IBk(), 1, 

PrunedSets.Strategy.B, 2); 

        learner1.build(train); 

        learner2.build(train); 

        learner3.build(train); 

        learner4.build(train); 

        Evaluator eval = new Evaluator(); 

        Evaluation results1 = eval.evaluate(learner1, test, train); 

        Evaluation results2 = eval.evaluate(learner2, test, train); 

        Evaluation results3 = eval.evaluate(learner3, test, train); 

        Evaluation results4 = eval.evaluate(learner4, test, train); 

        System.out.println(results1.toString()); 

        System.out.println(results2.toString()); 

        System.out.println(results3.toString()); 

        System.out.println(results4.toString()); 

        /*EPS with NB,DT,SVM,KNN (sampledata%=63, 

no.models=10,votethreshold=0.5, Ap=1 strategy B, Ab=2)*/ 

        EnsembleOfPrunedSets learner1 = new 

EnsembleOfPrunedSets(63, 10, 0.5, 1, PrunedSets.Strategy.B, 2, new 

NaiveBayes()); 

        EnsembleOfPrunedSets learner2 = new 

EnsembleOfPrunedSets(63, 10, 0.5, 1, PrunedSets.Strategy.B, 2, new 

J48()); 

        EnsembleOfPrunedSets learner3 = new 

EnsembleOfPrunedSets(63, 10, 0.5, 1, PrunedSets.Strategy.B, 2, new 

SMO()); 

        EnsembleOfPrunedSets learner4 = new 

EnsembleOfPrunedSets(63, 10, 0.5, 1, PrunedSets.Strategy.B, 2, new 

IBk()); 

        learner1.build(train); 

        learner2.build(train); 

        learner3.build(train); 

        learner4.build(train); 

        Evaluator eval = new Evaluator(); 

        Evaluation results1 = eval.evaluate(learner1, test, train); 

        Evaluation results2 = eval.evaluate(learner2, test, train); 

        Evaluation results3 = eval.evaluate(learner3, test, train); 

        Evaluation results4 = eval.evaluate(learner4, test, train); 

        System.out.println(results1.toString()); 

        System.out.println(results2.toString()); 

        System.out.println(results3.toString()); 

        System.out.println(results4.toString()); 

        /*HOMER with NB,DT,SVM,KNN (no.clusters=3, 

balancedclustering)*/ 

        HOMER learner1 = new HOMER(new LabelPowerset(new 

NaiveBayes()), 3, HierarchyBuilder.Method.BalancedClustering); 

        HOMER learner2 = new HOMER(new LabelPowerset(new J48()), 3, 

HierarchyBuilder.Method.BalancedClustering); 

        HOMER learner3 = new HOMER(new LabelPowerset(new SMO()), 3, 

HierarchyBuilder.Method.BalancedClustering); 
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        HOMER learner4 = new HOMER(new LabelPowerset(new IBk()), 3, 

HierarchyBuilder.Method.BalancedClustering); 

        learner1.build(train); 

        learner2.build(train); 

        learner3.build(train); 

        learner4.build(train); 

        Evaluator eval = new Evaluator(); 

        Evaluation results1 = eval.evaluate(learner1, test, train); 

        Evaluation results2 = eval.evaluate(learner2, test, train); 

        Evaluation results3 = eval.evaluate(learner3, test, train); 

        Evaluation results4 = eval.evaluate(learner4, test, train); 

        System.out.println(results1.toString()); 

        System.out.println(results2.toString()); 

        System.out.println(results3.toString()); 

        System.out.println(results4.toString()); 

        /*CLR with NB,DT,SVM,KNN*/ 

        CalibratedLabelRanking learner1 = new 

CalibratedLabelRanking(new NaiveBayes()); 

        CalibratedLabelRanking learner2 = new 

CalibratedLabelRanking(new J48()); 

        CalibratedLabelRanking learner3 = new 

CalibratedLabelRanking(new SMO()); 

        CalibratedLabelRanking learner4 = new 

CalibratedLabelRanking(new IBk()); 

        learner1.build(train); 

        learner2.build(train); 

        learner3.build(train); 

        learner4.build(train); 

        Evaluator eval = new Evaluator(); 

        Evaluation results1 = eval.evaluate(learner1, test, train); 

        Evaluation results2 = eval.evaluate(learner2, test, train); 

        Evaluation results3 = eval.evaluate(learner3, test, train); 

        Evaluation results4 = eval.evaluate(learner4, test, train); 

        System.out.println(results1.toString()); 

        System.out.println(results2.toString()); 

        System.out.println(results3.toString()); 

        System.out.println(results4.toString()); 

        /*Attach results to lists*/ 

        mylist1.add(results1.toCSV()); 

        mylist2.add(results2.toCSV()); 

        mylist3.add(results3.toCSV()); 

        mylist4.add(results4.toCSV()); 

        } 

        /*Write to text file. Change FS name (BRIG, BRRF, LPIG, 

LPRF)*/ 

        FileWriter writer1 = new 

FileWriter("C://Users//STRIDE//Desktop//EclipseProjects//multilabel

//BRIG//NB.txt"); 

        for (String str: mylist1){ 

                writer1.write(str); 
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                writer1.write("\r\n"); 

        } 

        writer1.close(); 

        FileWriter writer2 = new 

FileWriter("C://Users//STRIDE//Desktop//EclipseProjects//multilabel

//BRIG//DT.txt"); 

        for (String str: mylist2){ 

                writer2.write(str); 

                writer2.write("\r\n"); 

        } 

        Writer2.close(); 

        FileWriter writer3 = new 

FileWriter("C://Users//STRIDE//Desktop//EclipseProjects//multilabel

//BRIG//SVM.txt"); 

        for (String str: mylist3){ 

                writer3.write(str); 

                writer3.write("\r\n"); 

        } 

        Writer3.close(); 

        FileWriter writer4 = new 

FileWriter("C://Users//STRIDE//Desktop//EclipseProjects//multilabel

//BRIG//NN.txt"); 

        for (String str: mylist4){ 

                writer4.write(str); 

                writer4.write("\r\n"); 

        } 

        Writer4.close(); 

    } 

} 

/* public class for three AAMs*/ 

public class multilabel { 

    public static void main(String[] args) throws 

        Exception { 

        System.out.println("Loading the dataset"); 

        MultiLabelInstances Dataset = new 

MultiLabelInstances("multilabeldata.arff", "multilabeldata.xml"); 

        /*Four feature selection methods. Use one at a time.*/ 

        /*For BRIG*/ 

        ASEvaluation ase = new InfoGainAttributeEval(); 

        BinaryRelevanceAttributeEvaluator ae = new 

BinaryRelevanceAttributeEvaluator(ase, Dataset,"avg", "dm", 

"eval"); 

        /*For BRRF*/ 

        ASEvaluation ase = new ReliefFAttributeEval(); 

        BinaryRelevanceAttributeEvaluator ae = new 

BinaryRelevanceAttributeEvaluator(ase, Dataset,"avg", "dm", 

"eval"); 

        /*For LPIG*/ 

        ASEvaluation ase = new InfoGainAttributeEval(); 
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        LabelPowersetAttributeEvaluator ae = new 

LabelPowersetAttributeEvaluator(ase, Dataset); 

        /*For LPRF*/ 

        ASEvaluation ase = new ReliefFAttributeEval(); 

        LabelPowersetAttributeEvaluator ae = new 

LabelPowersetAttributeEvaluator(ase, Dataset); 

        /*Rank complex network metrics based on FS methods*/ 

        Ranker r = new Ranker(); 

        int[] result = r.search(ae, Dataset); 

        System.out.println(Arrays.toString(result)); 

        /*Create arraylists*/ 

        ArrayList<String> mylistA = new ArrayList<String>(); 

        ArrayList<String> mylistB = new ArrayList<String>(); 

        ArrayList<String> mylistC = new ArrayList<String>(); 

        /*Number of complex network metrics 7-49 with 7 metrics 

increment. Filter data based on the included metrics.*/ 

        int NUM_TO_KEEP = 0; 

        for (NUM_TO_KEEP=7;NUM_TO_KEEP<=49; NUM_TO_KEEP+=7) 

        { 

        int[] toKeep = new int[NUM_TO_KEEP + 

Dataset.getNumLabels()]; 

        System.arraycopy(result, 0, toKeep, 0, NUM_TO_KEEP); 

        int[] labelIndices = Dataset.getLabelIndices(); 

        System.arraycopy(labelIndices, 0, toKeep, NUM_TO_KEEP,         

Dataset.getNumLabels()); 

        Remove filterRemove = new Remove(); 

        filterRemove.setAttributeIndicesArray(toKeep); 

        filterRemove.setInvertSelection(true); 

        filterRemove.setInputFormat(Dataset.getDataSet()); 

        Instances filtered = Filter.useFilter(Dataset.getDataSet(), 

filterRemove); 

        MultiLabelInstances FilteredDataset = new 

MultiLabelInstances(filtered, Dataset.getLabelsMetaData()); 

        /*Split the data into training and testing set*/ 

        Instances finaldata = FilteredDataset.getDataSet(); 

        RemovePercentage rmvp = new RemovePercentage(); 

        rmvp.setInvertSelection(true); 

        rmvp.setPercentage(Double.parseDouble("75")); 

        rmvp.setInputFormat(finaldata); 

        Instances trainDataSet = Filter.useFilter(finaldata, rmvp); 

        rmvp = new RemovePercentage(); 

        rmvp.setPercentage(Double.parseDouble("25")); 

        rmvp.setInputFormat(finaldata); 

        Instances testDataSet = Filter.useFilter(finaldata, rmvp); 

        MultiLabelInstances train = new 

MultiLabelInstances(trainDataSet, "mulanexample.xml"); 

        MultiLabelInstances test = new 

MultiLabelInstances(testDataSet, "mulanexample.xml"); 

        /* Three AAMs. Use one at a time.*/ 

        /*MLkNN (vary k at a time {1, 6, 12, 18, 24})*/ 
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        MLkNN learnerA = new MLkNN(1,1); 

        learnerA.build(train); 

        Evaluator evalA = new Evaluator(); 

        Evaluation resultsA = evalA.evaluate(learnerA, test, 

train); 

        System.out.println(resultsA.toString()); 

        /*BPMLL (no.hidden neurons=20% of inputs)*/ 

        int NHN = (int) Math.round(0.2*NUM_TO_KEEP); 

        int[] intArray = new int[]{NHN}; 

        System.out.println(NHN); 

        BPMLL learnerB = new BPMLL(); 

        learnerB.setHiddenLayers(intArray); 

        learnerB.build(train); 

        Evaluator evalB = new Evaluator(); 

        Evaluation resultsB = evalB.evaluate(learnerB, test, 

train); 

        System.out.println(resultsB.toString()); 

        /*AdaBoostMH*/ 

        AdaBoostMH learnerC = new AdaBoostMH(); 

        learnerC.build(train); 

        Evaluator evalC = new Evaluator(); 

        Evaluation resultsC = evalC.evaluate(learnerC, test, 

train); 

        System.out.println(resultsC.toString()); 

        /*Attach results to lists*/ 

        mylistA.add(resultsA.toCSV()); 

        mylistB.add(resultsB.toCSV()); 

        mylistC.add(resultsC.toCSV());} 

        } 

        /*Write to text file. Change FS name (BRIG, BRRF, LPIG, 

LPRF)*/ 

        FileWriter writerA = new 

FileWriter("C://Users//STRIDE//Desktop//EclipseProjects//multilabel

//BRIG//MLkNN_NN1.txt"); 

        for (String str: mylistA){ 

                writerA.write(str); 

                writerA.write("\r\n"); 

        } 

        writerA.close(); 

        FileWriter writerB = new 

FileWriter("C://Users//STRIDE//Desktop//EclipseProjects//multilabel

//BRIG//BPMLL.txt"); 

        for (String str: mylistB){ 

                writerB.write(str); 

                writerB.write("\r\n"); 

        } 

        WriterB.close(); 

        FileWriter writerC = new 

FileWriter("C://Users//STRIDE//Desktop//EclipseProjects//multilabel

//BRIG//AdaBoost.txt"); 
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        for (String str: mylistC){ 

                writerC.write(str); 

                writerC.write("\r\n"); 

        } 

        WriterC.close(); 

    } 

} 
 

 

### Multilabel_Model_Filter1.R 
### Grand total number of models... 

### from four preprocessing feature selection methods... 

### with seven steps of complex network metrics input,... 

### nine PTMs using four base classifiers, and...  

### three AAMs (BPMLL, AdaBoost.MH, and five k values in MLkNN) is 

= ((4*7)*((9*4)+7)=1204) models. 

 

### This script selects the best models  

### from each FS method (BRIG, BRRF, LPIG, LPRF),.. 

### each out of seven steps of complex network metrics at seven 

metrics increment(7-49 metrics)... 

### From the combinations of: 

### Nine PTMs (BRIG_BR, BRIG_CC,BRIG_LP, BRIG_PS, BRIG_HOMER, 

BRIG_CLR, BRIG_ECC, BRIG_EPS, BRIG_RAkEL) 

### four base classifiers (NB,DT,SVM,NN) 

### Three AAMs (MLkNN (best from all five k values), BPMLL, 

Adaboost.MH) 

### Total ((9*4)+3)=39 models. 

 

## Clear Workspace and set working directory. 

rm(list=ls()) 

setwd("/Users/STRIDE/Desktop/Rcodes") 

## Prepare data. 

# Read data file saved with results from MULAN java script. 

# Column data file: 1st column is model id. Each column is 

evaluation measure. 

# Change filename for each FS method (BRIG, BRRF, LPIG, LPRF).  

# Change sheetname. For nine PTMs sheets: (BRIG_BR, 

BRIG_CC,BRIG_LP, BRIG_PS, BRIG_HOMER, BRIG_CLR, BRIG_ECC, BRIG_EPS, 

BRIG_RAkEL) 

require(xlsx) 

rows=seq(1,29,1);cols=seq(2,31,1) 

Data<-read.xlsx("MultilabelResults_BRIG.xlsx", sheetName = 

"BRIG_BR",rowIndex = rows,colIndex = cols,header = T) 

Data[is.na(Data)]<-0 

Data<- subset(Data, select= -

c(Ex.Spec,Mic.Spec,Mac.Spec,IsError,ErrorSize,MAP,GMAP,MAIP,GMAIP,L

ogLoss)) 

rn1<-as.character(Data[1:7,1]) 

NB<- Data[1:7,3:20];rownames(NB)<-rn1 
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NB[,"HammingLoss"]<- 1-NB[,"HammingLoss"] 

NB[,"OneError"]<- 1-NB[,"OneError"] 

NB[,"Coverage"]<- 1-(NB[,"Coverage"]/max(NB[,"Coverage"])) 

NB[,"RankingLoss"]<- 1-NB[,"RankingLoss"] 

NB<-t(NB) 

DT<- Data[8:14,3:20];rownames(DT)<-rn1 

DT[,"HammingLoss"]<- 1-DT[,"HammingLoss"] 

DT[,"OneError"]<- 1-DT[,"OneError"] 

DT[,"Coverage"]<- 1-(DT[,"Coverage"]/max(DT[,"Coverage"])) 

DT[,"RankingLoss"]<- 1-DT[,"RankingLoss"] 

DT<-t(DT) 

SVM<- Data[15:21,3:20];rownames(SVM)<-rn1 

SVM[,"HammingLoss"]<- 1-SVM[,"HammingLoss"] 

SVM[,"OneError"]<- 1-SVM[,"OneError"] 

SVM[,"Coverage"]<- 1-(SVM[,"Coverage"]/max(SVM[,"Coverage"])) 

SVM[,"RankingLoss"]<- 1-SVM[,"RankingLoss"] 

SVM<-t(SVM) 

NN<- Data[22:29,3:20];rownames(NN)<-rn1 

NN[,"HammingLoss"]<- 1-NN[,"HammingLoss"] 

NN[,"OneError"]<- 1-NN[,"OneError"] 

NN[,"Coverage"]<- 1-(NN[,"Coverage"]/max(NN[,"Coverage"])) 

NN[,"RankingLoss"]<- 1-NN[,"RankingLoss"] 

NN<-t(NN) 

# Change sheetname. For single sheet for three AAMs: 

(BRIG_MLkNN_BPMLLL_ADA) 

require(xlsx) 

rows=seq(1,50,1);cols=seq(2,31,1) 

Data<-read.xlsx("MultilabelResults_BRIG.xlsx", sheetName = 

"BRIG_MLkNN_BPMLLL_ADA",rowIndex = rows,colIndex = cols,header = T) 

Data[is.na(Data)]<-0 

Data<- subset(Data, select= -

c(Ex.Spec,Mic.Spec,Mac.Spec,IsError,ErrorSize,MAP,GMAP,MAIP,GMAIP,L

ogLoss)) 

rn1<-as.character(Data[1:35,1]) 

rn2<-as.character(Data[36:49,1]) 

MLkNN<- Data[1:35,3:20];rownames(MLkNN)<-rn1 

MLkNN[,"HammingLoss"]<- 1-MLkNN[,"HammingLoss"] 

MLkNN[,"OneError"]<- 1-MLkNN[,"OneError"] 

MLkNN[,"Coverage"]<- 1-(MLkNN[,"Coverage"]/max(MLkNN[,"Coverage"])) 

MLkNN[,"RankingLoss"]<- 1-MLkNN[,"RankingLoss"] 

MLkNN<-t(MLkNN) 

BPMLL<- Data[36:42,3:20];rownames(BPMLL)<-rn2 

BPMLL[,"HammingLoss"]<- 1-BPMLL[,"HammingLoss"] 

BPMLL[,"OneError"]<- 1-BPMLL[,"OneError"] 

BPMLL[,"Coverage"]<- 1-(BPMLL[,"Coverage"]/max(BPMLL[,"Coverage"])) 

BPMLL[,"RankingLoss"]<- 1-BPMLL[,"RankingLoss"] 

BPMLL<-t(BPMLL) 

Adaboost<- Data[43:49,3:20];rownames(Adaboost)<-rn2 

Adaboost[,"HammingLoss"]<- 1-Adaboost[,"HammingLoss"] 

Adaboost[,"OneError"]<- 1-Adaboost[,"OneError"] 
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Adaboost[,"Coverage"]<- 1-

(Adaboost[,"Coverage"]/max(Adaboost[,"Coverage"])) 

Adaboost[,"RankingLoss"]<- 1-Adaboost[,"RankingLoss"] 

Adaboost<-t(Adaboost) 

## Perform Friedman test and Nemenyi Test. Plot critical 

difference. 

# For nine PTMs sheets: (BRIG_BR, BRIG_CC,BRIG_LP, BRIG_PS, 

BRIG_HOMER, BRIG_CLR, BRIG_ECC, BRIG_EPS, BRIG_RAkEL) 

library(devtools) 

library(scmamp) 

source('http://bioconductor.org/biocLite.R') 

biocLite('Rgraphviz') 

plotDensities(NB)+labs(colour="Model") 

plotDensities(DT)+labs(colour="Model") 

plotDensities(SVM)+labs(colour="Model") 

plotDensities(NN)+labs(colour="Model") 

FriedTestNB<-friedmanTest(NB) 

FriedTestDT<-friedmanTest(DT) 

FriedTestSVM<-friedmanTest(SVM) 

FriedTestNN<-friedmanTest(NN) 

NemenyiTestNB<-nemenyiTest(NB,alpha=0.05) 

NemenyiTestDT<-nemenyiTest(DT,alpha=0.05) 

NemenyiTestSVM<-nemenyiTest(SVM,alpha=0.05) 

NemenyiTestNN<-nemenyiTest(NN,alpha=0.05) 

plotCD(NB,alpha = 0.05,cex=0.75);title(main=paste("NB Friedman P-

value:",round(FriedTestNB$p.value,3),"\nCD:",round(NemenyiTestNB$st

atistic,3)),cex.main=1) 

plotCD(DT,alpha = 0.05,cex=0.75);title(main=paste("DT Friedman P-

value:",round(FriedTestDT$p.value,3),"\nCD:",round(NemenyiTestDT$st

atistic,3)),cex.main=1) 

plotCD(SVM,alpha = 0.05,cex=0.75);title(main=paste("SVM Friedman P-

value:",round(FriedTestSVM$p.value,3),"\nCD:",round(NemenyiTestSVM$

statistic,3)),cex.main=1) 

plotCD(NN,alpha = 0.05,cex=0.75);title(main=paste("NN Friedman P-

value:",round(FriedTestNN$p.value,3),"\nCD:",round(NemenyiTestNN$st

atistic,3)),cex.main=1) 

# For single sheet for three AAMs: (BRIG_MLkNN_BPMLLL_ADA) 

library(devtools) 

library(scmamp) 

source('http://bioconductor.org/biocLite.R') 

biocLite('Rgraphviz') 

plotDensities(MLkNN)+labs(colour="Model") 

plotDensities(BPMLL)+labs(colour="Model") 

plotDensities(Adaboost)+labs(colour="Model") 

FriedTestMLkNN<-friedmanTest(MLkNN) 

FriedTestBPMLL<-friedmanTest(BPMLL) 

FriedTestAdaboost<-friedmanTest(Adaboost) 

NemenyiTestMLkNN<-nemenyiTest(MLkNN,alpha=0.05) 

NemenyiTestBPMLL<-nemenyiTest(BPMLL,alpha=0.05) 

NemenyiTestAdaboost<-nemenyiTest(Adaboost,alpha=0.05) 



 

363 

plotCD(MLkNN,alpha = 0.05,cex=0.75);title(main=paste("MLkNN 

Friedman P-

value:",round(FriedTestMLkNN$p.value,3),"\nCD:",round(NemenyiTestML

kNN$statistic,3)),cex.main=1) 

plotCD(BPMLL,alpha = 0.05,cex=0.75);title(main=paste("BPMLL 

Friedman P-

value:",round(FriedTestBPMLL$p.value,3),"\nCD:",round(NemenyiTestBP

MLL$statistic,3)),cex.main=1) 

plotCD(Adaboost,alpha = 0.05,cex=0.75);title(main=paste("Adaboost 

Friedman P-

value:",round(FriedTestAdaboost$p.value,3),"\nCD:",round(NemenyiTes

tAdaboost$statistic,3)),cex.main=1) 

## Perform Friedman test and Friedman posthoc test with corrected 

p-values. Plot p-values. 

# For nine PTMs sheets: (BRIG_BR, BRIG_CC,BRIG_LP, BRIG_PS, 

BRIG_HOMER, BRIG_CLR, BRIG_ECC, BRIG_EPS, BRIG_RAkEL) 

FriedTestNB<-friedmanTest(NB) 

FriedTestDT<-friedmanTest(DT) 

FriedTestSVM<-friedmanTest(SVM) 

FriedTestNN<-friedmanTest(NN) 

MultiTestNB<-multipleComparisonTest(NB, algorithms = NULL, group.by 

= NULL,test = "friedman", correct = "none", alpha = 0.05) 

MultiTestDT<-multipleComparisonTest(DT, algorithms = NULL, group.by 

= NULL,test = "friedman", correct = "none", alpha = 0.05) 

MultiTestSVM<-multipleComparisonTest(SVM, algorithms = NULL, 

group.by = NULL,test = "friedman", correct = "none", alpha = 0.05) 

MultiTestNN<-multipleComparisonTest(NN, algorithms = NULL, group.by 

= NULL,test = "friedman", correct = "none", alpha = 0.05) 

PostHocTestNB<-postHocTest(NB, algorithms = NULL, group.by = NULL, 

test = "friedman",control = NULL, use.rank = TRUE, sum.fun = mean, 

correct = "shaffer",alpha = 0.05) 

PostHocTestDT<-postHocTest(DT, algorithms = NULL, group.by = NULL, 

test = "friedman",control = NULL, use.rank = TRUE, sum.fun = mean, 

correct = "shaffer",alpha = 0.05) 

PostHocTestSVM<-postHocTest(SVM, algorithms = NULL, group.by = 

NULL, test = "friedman",control = NULL, use.rank = TRUE, sum.fun = 

mean, correct = "shaffer",alpha = 0.05) 

PostHocTestNN<-postHocTest(NN, algorithms = NULL, group.by = NULL, 

test = "friedman",control = NULL, use.rank = TRUE, sum.fun = mean, 

correct = "shaffer",alpha = 0.05) 

alg.orderNB <- order(PostHocTestNB$summary) 

alg.orderDT <- order(PostHocTestDT$summary) 

alg.orderSVM <- order(PostHocTestSVM$summary) 

alg.orderNN <- order(PostHocTestNN$summary) 

pltNB <- plotPvalues(PostHocTestNB$corrected.pval, 

alg.order=alg.orderNB)  

pltNB + labs(title=paste("NB"),x="Model",y="Model") 

pltDT <- plotPvalues(PostHocTestDT$corrected.pval, 

alg.order=alg.orderDT)  

pltDT + labs(title=paste("DT"),x="Model",y="Model") 
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pltSVM <- plotPvalues(PostHocTestSVM$corrected.pval, 

alg.order=alg.orderSVM) 

pltSVM + labs(title=paste("SVM"),x="Model",y="Model") 

pltNN <- plotPvalues(PostHocTestNN$corrected.pval, 

alg.order=alg.orderNN)  

pltNN + labs(title=paste("NN"),x="Model",y="Model") 

# For single sheet for three AAMs: (BRIG_MLkNN_BPMLLL_ADA) 

FriedTestMLkNN<-friedmanTest(MLkNN) 

FriedTestBPMLL<-friedmanTest(BPMLL) 

FriedTestAdaboost<-friedmanTest(Adaboost) 

MultiTestMLkNN<-multipleComparisonTest(MLkNN, algorithms = NULL, 

group.by = NULL,test = "friedman", correct = "none", alpha = 0.05) 

MultiTestBPMLL<-multipleComparisonTest(BPMLL, algorithms = NULL, 

group.by = NULL,test = "friedman", correct = "none", alpha = 0.05) 

MultiTestAdaboost<-multipleComparisonTest(Adaboost, algorithms = 

NULL, group.by = NULL,test = "friedman", correct = "none", alpha = 

0.05) 

PostHocTestMLkNN<-postHocTest(MLkNN, algorithms = NULL, group.by = 

NULL, test = "friedman",control = NULL, use.rank = TRUE, sum.fun = 

mean, correct = "shaffer",alpha = 0.05) 

PostHocTestBPMLL<-postHocTest(BPMLL, algorithms = NULL, group.by = 

NULL, test = "friedman",control = NULL, use.rank = TRUE, sum.fun = 

mean, correct = "shaffer",alpha = 0.05) 

PostHocTestAdaboost<-postHocTest(Adaboost, algorithms = NULL, 

group.by = NULL, test = "friedman",control = NULL, use.rank = TRUE, 

sum.fun = mean, correct = "shaffer",alpha = 0.05) 

alg.orderMLkNN <- order(PostHocTestMLkNN$summary) 

alg.orderBPMLL <- order(PostHocTestBPMLL$summary) 

alg.orderAdaboost<-order(PostHocTestAdaboost$summary) 

pltMLkNN <- plotPvalues(PostHocTestMLkNN$corrected.pval, 

alg.order=alg.orderMLkNN) 

pltMLkNN + labs(title=paste("MLkNN"),x="Model",y="Model") 

pltBPMLL <- plotPvalues(PostHocTestBPMLL$corrected.pval, 

alg.order=alg.orderBPMLL) 

pltBPMLL + labs(title=paste("BPMLL"),x="Model",y="Model") 

pltAdaboost <- plotPvalues(PostHocTestAdaboost$corrected.pval, 

alg.order=alg.orderAdaboost) 

pltAdaboost + labs(title=paste("Adaboost"),x="Model",y="Model") 
 

 

### Multilabel_Model_Filter2.R 
### 39 models from each FS method remained obtained from 

Multilabel_Model_Filter1.R 

### This script selects the top 20% (or top 8 models) of these 39 

models from each FS method. 

### After running this script for four FS methods, (8*4)=32 final 

best models ramained. 

 

## Clear Workspace and set working directory. 

rm(list=ls()) 
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setwd("/Users/STRIDE/Desktop/Rcodes") 

## Prepare data. 

# Read the same data file in Multilabel_Model_Filter1.R with the 

new sheet containing 39 models mentioned. 

# Column data file: 1st column is model id. Each column is 

evaluation measure. 

# Change filename for each FS method (BRIG, BRRF, LPIG, LPRF). 

require(xlsx) 

rows=seq(1,40,1);cols=seq(1,30,1) 

Data<-read.xlsx("MultilabelResults_BRIG.xlsx", sheetName = 

"BestModels",rowIndex = rows,colIndex = cols,header = T) 

Data[is.na(Data)]<-0 

Data<- subset(Data, select= -

c(Ex.Spec,Mic.Spec,Mac.Spec,IsError,ErrorSize,MAP,GMAP,MAIP,GMAIP,L

ogLoss)) 

rn<-as.character(Data[1:39,1]) 

BestModels<- Data[1:39,3:20];rownames(BestModels)<-rn 

BestModels[,"HammingLoss"]<- 1-BestModels[,"HammingLoss"] 

BestModels[,"OneError"]<- 1-BestModels[,"OneError"] 

BestModels[,"Coverage"]<- 1-

(BestModels[,"Coverage"]/max(BestModels[,"Coverage"])) 

BestModels[,"RankingLoss"]<- 1-BestModels[,"RankingLoss"] 

BestModels<-t(BestModels) 

## Perform Friedman test and Nemenyi Test. Plot critical 

difference. 

library(devtools) 

library(scmamp) 

source('http://bioconductor.org/biocLite.R') 

biocLite('Rgraphviz') 

plotDensities(BestModels)+labs(colour="Model") 

FriedTestBestModels<-friedmanTest(BestModels) 

NemenyiTestBestModels<-nemenyiTest(BestModels,alpha=0.05) 

plotCD(BestModels,alpha = 0.05,cex=0.75);title(main=paste("Friedman 

P-

value:",round(FriedTestBestModels$p.value,3),"\nCD:",round(NemenyiT

estBestModels$statistic,3)),cex.main=1) 

## Perform Friedman test and Friedman posthoc test with corrected 

p-values. Plot p-values. 

FriedTestBestModels<-friedmanTest(BestModels) 

MultiTestBestModels<-multipleComparisonTest(BestModels, algorithms 

= NULL, group.by = NULL,test = "friedman", correct = "none", alpha 

= 0.05) 

PostHocTestBestModels<-postHocTest(BestModels, algorithms = NULL, 

group.by = NULL, test = "friedman",control = NULL, use.rank = TRUE, 

sum.fun = mean, correct = "shaffer",alpha = 0.05) 

alg.orderBestModels<- order(PostHocTestBestModels$summary) 

pltBestModels <- plotPvalues(PostHocTestBestModels$corrected.pval, 

alg.order=alg.orderBestModels,font.size = 3.3) 
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pltBestModels + 

labs(title=paste(""),x="Model",y="Model")+theme(plot.title = 

element_text(hjust = 0.5)) 
 

 

### Multilabel_Model_Filter3.R 
### 32 models from each FS method remained obtained from 

Multilabel_Model_Filter2.R 

### This script selects the top 20% (or top 7 models) of these 32 

models. 

 

## Clear Workspace and set working directory. 

rm(list=ls()) 

setwd("/Users/STRIDE/Desktop/Rcodes") 

## Prepare data. 

# Read the new data file MultilabelResults_BestModels.xlsx 

containing 32 models mentioned. 

# Column data file: 1st column is model id. Each column is 

evaluation measure. 

require(xlsx) 

rows=seq(1,33,1);cols=seq(1,30,1) 

Data<-read.xlsx("MultilabelResults_BestModels.xlsx", sheetName = 

"Sheet1",rowIndex = rows,colIndex = cols,header = T) 

Data[is.na(Data)]<-0 

Data<- subset(Data, select= -

c(Ex.Spec,Mic.Spec,Mac.Spec,IsError,ErrorSize,MAP,GMAP,MAIP,GMAIP,L

ogLoss)) 

rn<-as.character(Data[1:32,1]) 

BestModels<- Data[1:32,3:20];rownames(BestModels)<-rn 

BestModels[,"HammingLoss"]<- 1-BestModels[,"HammingLoss"] 

BestModels[,"OneError"]<- 1-BestModels[,"OneError"] 

BestModels[,"Coverage"]<- 1-

(BestModels[,"Coverage"]/max(BestModels[,"Coverage"])) 

BestModels[,"RankingLoss"]<- 1-BestModels[,"RankingLoss"] 

BestModels<-t(BestModels) 

## Perform Friedman test and Nemenyi Test. Plot critical 

difference. 

library(devtools) 

library(scmamp) 

source('http://bioconductor.org/biocLite.R') 

biocLite('Rgraphviz') 

plotDensities(BestModels)+labs(colour="Model") 

FriedTestBestModels<-friedmanTest(BestModels) 

NemenyiTestBestModels<-nemenyiTest(BestModels,alpha=0.05) 

plotCD(BestModels,alpha = 0.05,cex=0.75);title(main=paste("Friedman 

P-

value:",round(FriedTestBestModels$p.value,3),"\nCD:",round(NemenyiT

estBestModels$statistic,3)),cex.main=1) 

## Perform Friedman test and Friedman posthoc test with corrected 

p-values. Plot p-values. 
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FriedTestBestModels<-friedmanTest(BestModels) 

MultiTestBestModels<-multipleComparisonTest(BestModels, algorithms 

= NULL, group.by = NULL,test = "friedman", correct = "none", alpha 

= 0.05) 

PostHocTestBestModels<-postHocTest(BestModels, algorithms = NULL, 

group.by = NULL, test = "friedman",control = NULL, use.rank = TRUE, 

sum.fun = mean, correct = "shaffer",alpha = 0.05) 

alg.orderBestModels<- order(PostHocTestBestModels$summary) 

pltBestModels <- plotPvalues(PostHocTestBestModels$corrected.pval, 

alg.order=alg.orderBestModels,font.size = 3.3) 

pltBestModels + 

labs(title=paste(""),x="Model",y="Model")+theme(plot.title = 

element_text(hjust = 0.5)) 


