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Abstract

In contemporary construction environments, construction companies measure their
performance against a set of predefined performance indicators. These performance indicators
are governed by the ability of ctohmep edocemparreys ot
empower the successful execution of construction projects. Competencies in general are difficult
to define and measure due to the multidimensional and subjective nature of their assessment.
Additionally, there is little consensus on therformance indicators that capture the different

critical aspects of how well a construction project is performing.

This thesis expands the body of knowledge on project competencies and performance by
demonstrating the power of fuzzy logic combined vaither artificial intelligence modeling (i.e.,
neural networks) in developing a model capable of identifying the relationship between the
different project competencies and project performance on construction projects. First, this
research identifies 41 gext competencies with a total of 248 criteria for evaluating the different
project competencies. Appropriate measurement scales are developed for the different project
competenciesd evalwuation criteria. Thories r ese:;
with 46 key project performance indicators. Second, a systematic framework and methodology
are developed to measure project competenciespaméct key performance indicators on

construction projects.

Finally, several statef the art techniques ra developed and applied to model the
relationship between project competencies and project performance namely: 1) a new prioritized
aggregation method, 2) a dimensionality reduction technique, and 3) ahyadg intelligent

model incorporating fuzzy fpc and artificial neural networks.



The new prioritized aggregation method is developed in this research to consider the
prioritized relationship between criteria pertaining to the different project competencies. This
prioritized aggregation method is adoped for both crisp and fuzzy environments. Then, a
dimensionality reduction technique, through the application of feature extraction, is applied to
reduce the dimensionality of the model input (i.e., project competencies) and enhance its
capability in poviding more accurate outputs (i.e., key project performance indicators). Finally,
granular AND/OR fuzzy neural netwalare constructed using fuzzy logic and artificial neural
networks to identify and map the relationship between the different projegietencies and
projectkey performance indicators. Data collected from seven construction projects are used to

train and test the developgtanular AND/OR fuzzy neural networks

This thesis contributes to the current body of knowledge in project conspesteand
performance by establishing a standardized framework and methodology for evaluating the
impact of construction project competencies on key project performance indicators. Furthermore,
this thesis applies advanced modeling techniques through pieagipn of fuzzy logic and
artificial neural networks to identify and model the relationship between project competencies

andprojectkey performance indicators.



This thesis is dedicated to the memory of my father.
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CHAPTER 1.7 Introduction?

1.1. Background

In to d a yWynamic construction industry, construction organizations encounter many
challenges resulting from the increasing uncertainties in technologies, budgets, and development
processes (Chan and Chan 2004). Hence, construction projects are completed dsoé resul
merging many events and interactions, with varying participants and processes in a constantly
changing environment (Sanvido et al. 1992). Many of these events and interactions can be
guantified, and can be used to differentiate superior from avemgermpance Spencer and
Spencer (1993) described the measurable events and interactions that are capable of

di fferentiating between superioo. from average

Establishing a link between the different project competenciespegeict performance
will identify projectcompetencies that require further improvement anll result in improved
project performance (AntonacopoulandFitzGerald 1996). Additionally, the ability to identify
and enhanceritical projectcompetencies aftding project performance is expecteditaprove

the competitivanessand profitability ofconstruction organizations (Fayek 2012)

Project ompetencies in general are difficult to define and measure due to the
multidimensional and subjective nature tifar assessmentProject ompetencies exhibit
subjective assessments that cannot be expressed by the traditional numerical approaches (Fayek
2012). A framework and methodology for identifying and measupirggect competenciess

required for theconstruction industry conteXOmar and Fayek 2G). Performancaneasures,

! Parts of this chapter have been published in Construction Research Congress 2014. Omar, M. and Fayek, A.
Robinson(2014) A Framework for Identifying and Measuring Competencies and Performance Indicators for
Construction Projects. Construction Research Congress 2014: pg2@52.3
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on the other handevaluate how well a construction project is producing its deliverables
compared to its planned objectives. Construction organizations have suffered from thiealack
standard breakdown gfroject competencies amuerformancemeasureghat are capable of
capturing and anticipatingontinuousimprovements or lackhereofin the executionof their
projects.Additionally, relating project competencies to project penfance measures has been

an area of interest in previous reseatawvénson et al200§ Isik et al, 200).

Construction projects competencies and performance requieesnore comprehensive
exploration to identify and formulate the differgarbjectcompetencies antheir relationship to
projectperformanceDefining the different project competencies, project performance measures
and, the relationship between them is expected to result in a better understanding and
identification of the requirements feuccessful execution of construction projeétsynopsis of
previous research in the area of project competencies and project performance is essential to
identify gaps in previous research aiodformally provide a definition and quantification of the

different project competencies and their relationship to project performance.

1.2. Project Competencies and Performanc&esearch Gaps

Previous research has considered, in many situations, project competencies as a measure of
project performance (Fayek 2012); ituth did not investigate project competencies as a
prerequisite for project performance, or the fact that project competencies are leading indicators

for project performance improvement.

Evaluation of project competenciedas gained significant attention the construction
domain(Sparrow 1995Kululangaet al, 2001;Walsh and Lintor2001;Markus et al. 2005;ClII

2005; Levensormrt al., 2006; Isik et al., 200%lroomi et al.2011, Omar and Fayek 2014; Omar

2



and Fayek 2015)Projectperformancemeasurements, on the other haacg applied to assess
organizationaland projectperformance throughout the project life cycle. In order for a
performance measurement to be effective, the measures must be accepted, understood, and
owned across the consttion organization and its different construction projeEtgthermore,

the relationship of performance measures to project competencies needs to be idemeified
evaluating project performanc€ne motive behind investigatingroject competenciesand
performancas to establishhe relationship betweeprojectcompetencigsasleading indicators

for measuring project performancand to identify their effect on project performance.A
comprehensive framework and methodology for evaluating project competencies and identifying
their relationship to project performanisaleveloped in this thesis to overcome the limitations of

previous research

Another research gajgentified in evalwating project competencies in the construction
domain isin capturing the uncertainty associated witleasuring project competenci@zayek
2012). Traditionally, uncertainty has been treated as a random process (AbanRiHalpin
1990. However, most desions in construction involve uncertainties that are subjective in
nature and in many cases are expressed linguistically. When addnessget) competencies,
the identification and quantification @rojectcompetencies is not a random process, however,
uncertainty and subjectivity has a significant effect on the inputs of such a study. tireHiss
the concept ofproject competencies is investigatagsing fuzzy set theory since project
competenciesare often characterized and assessed uBimguistic terms that cannot be

expressed by the traditional numerical approaches.

This thesisaddresses two limitations existing in previous research nameiyvédstigating

project competencies as leading indicators to project performance (Fayek, 2012). Project
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competencies and project performance are investigated as two distinct measures. The
relationship between project competencies and performance measurements iseatsyatad.

2) Capturing theuncertainty associated witimeasuring project competencies. The uncertainty
associated with subjective measurements is modeled and analyzeduagyngdt theoryather

than traditional numerical methodA. fuzzy hybrid intelligent modelis developedio evaluate

and identify the relationship between project competencies and project performance
measurementsThis fuzzy hybrid intelligent model considersthe uncertainty associated with
measuring project competencies well asthe relationship between the different project

competencieand project performance

1.3. Project Competencies and Performance Research Objectives

The ultimate objective of this thesis is to presenuzzy hybrid intelligent model for
project competenciesral performanceevaluation andprediction in theconstructionindustry A
standard breakdown of project competencies and key project performance measurements is
identified. The relationship between project competencies and project performance is realized
through tzzy hybrid modeling. To achieve the objectives of this thesis, several state of the art
techniques are considered as follows: 1) prioritized aggregation, 2) dimensionality reduction, 3)
fuzzy set theory and, 4rtificial neural networksSome of lhe ensuing research objectiva®
relevant to researchers and classified as acadanectivesand otherobjectivesare relevanto

the construction industgnd are classified asdustrialobjectives as follows:



1.3.1 Academic Research Objectives

Academic research objectives presented in this thessamnarizeds follows:

1. Explore prioritized aggregation The notion of prioritized aggregation is consideted
account for project competenciesd evaluat:i
prioritized relationship between these pro

2. Present and apply a novel approach for prioritized aggregation. The new approach
comhines two welknown methods: 1) prioritized aggregation, where the aggregation
accounts for the prioritization relationship between a set of criteria under investigation
and, 2)the technique of order preference by similarity to ideal solution (TOP&I&)ye
the prioritized relationship between criteria is established using a distance measure. The
new approach presented in this thesis accountthérelative importance a project
competency evaluatioeriterion with respect to othevaluationcriteriaconsidered in the
prioritized aggregation for the same competeey] its satisfaction relative to the most
favourable satisfaction thatpsoject competendy svaluationcriterion can achieve. This
relationship ensures that high satisfaction of loweorjty pr oj ect compet e
evaluationcriteria does not compensate for low satisfaction of high@rity project
competenci ecsté&ria.eval uati on

3. Develop a dimensionality reductidachnique suitable for fuzzy environments) map
high dimensionlastructures (i.e., project competencies) to lower dimensional structures
(i.e., factor groups representing project competencies) with minimal loss of original
information. The novel prioritized aggregation methiateveloped in this thesisand

factor anajsis are presented amagplied jointlyas a preliminary stefor developing the



fuzzy hybrid intelligent modelfor project competencies angerformanceevaluation and
prediction

4. Investigate and apply techniques of combining neural networks and $yzgyms to
improve the functionality and reliability ofizzyhybrid intelligentmodels.

5. Develop a fuzzy hybrid intelligent model that accounts for: 1) the prioritized relationship
between project competencies and, 2) the nonlinear relationship betweat pr
competencies and project performance. Tinezy hybrid intelligent model combines
prioritized aggregationdimensionality reductionfuzzy logic and, artificial neural
networksin modeling This fuzzy hybrid intelligent model iaglsotransparent, traceable,
and possessesearning capabilities (Gupta 1994, Pedrycz 2014). Thizy hybrid
intelligent model will ultimately identify and quantifythe relationship between project
competencies and project performance. Furthermorefulzy hybrid intelligent model
will predict, after training and testing, the different project performance measures based

on current project competencies.

1.3.2Industrial Research Objectives

Industrial research objectives presented in this thessuanenarizeds follows:
1. Identify a standardized breakdown of project competencies and performance suitable for
the construction context
2. Measure and evaluate project competencies and project performance in construction
projects.
3. Predict project performance based amjpct competenciesihe developed fuzzy hybrid
intelligent model will allow construction practitioners to evaluate and predict project

performance measures based on current project competencies.
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4. Provide a software tool to evaluate project competencies f@agect performance for
constructiorprojects This tool will allow construction practitioners to proactively evaluate
their project competencies and projects performance at different points in the project life

cycle.

1.4. Project Competencies and Performanc&esearch Methodology

The research study presented in this thesis is conductedlrimain phasess follows:

1.4.1 First Phase

Thefuzzyhybrid intelligent model development starts with identifying the different project
competencies and performance measuresatthes The developed project competencies and
project performance hierarchies assist in the identification of the most relevant evaluation criteria
for the different project competencies and project performance required when evaluating a
construction projectSeveraldata verificatiorand validation method@revious research review,
guestionnaires, oren-one interviews, and interactive growmprkshopswith highly experienced
construction practitioners of varying level of expeitiaee used toerify and valicte thdlist of

evaluation criteridor project competencies and project performance measures

1.4.2 Second Phase

In this phase, data collected from seven construction projects are used to evaluate project
competencies and identify their relationship to projpetformance. A novel prioritized
aggregation met hod S devel oped to combine
different project competencies collectédm different construction projects. The aim of the

prioritized aggregation is to providan informative evaluation of the different project



competencies, which are subjective in nature, on the higher hierarchical level (i.e., project
competency level) rather than the lower hierarchical levels (i.e., evaluation criteria of project
competencies) This process provides a collective evaluation to be considered fduzhg

hybrid intelligentmodel development as described later in the third phase of this research.

1.4.3Third Phase

This phase commences with the application of a dimensionality redtetionique using
factor analysis, to combine project competenciesanf@wver number oflactor groups of similar
statistical behaviouiThe application of dimensionality reducticombinesproject competencies
into a fewer number of factor groups that¢ anore suitable for modelinghe factor groups are
thenused with the projecigperformance measurésr training and testinghree types of neural
networks:1) traditionalneural networks2) fuzzy neural networkusingfuzzy arithmetic and3)
fuzzy neural network usingfuzzy operations. The differemetworksare compared to identify
the one with the best performance (i.e., expressed by the least global error). The identified

network(i.e., with the least global error) eé®@nsidered for the fuzzy byid intelligent model

1.4.4 Fourth Phase

A softwaretool is developed to create an executable, stdode system that isoonected
to the user interface to evaluate project competencieprajettperformance. The software tool
provides construction practitioners the ability to evaluate their project competencies and project
performance respectively. The software tool also assists in generating the data required for
fuzzy hybrid intelligent modl (i.e., neural networks) as describ@dthe third phase of this

research methodology.



1.5. Project Competencies and Performanc&xpected Contributions

This thesis presents several contributionproject competencies and project performance
some of which e relevant to researchers and classified as academic contributions and others

that are industrial contributions to the construction industry

1.5.1 ExpectedAcademic Research Contributions

Expected eademic research contributions presented in this thesssrarearizedas follows:

1. Providea standard hierarchy of project competencies and performance measures suitable
for the construction context.

2. Develop a novelprioritized aggregationmethod for multiplecriteria decision making
problems (MCDM) such as evaluation of project competencies. In this thesis, the
developed prioritizecaggregatiormethod accountsor the interrelations betweguroject
compet enci e <riteriaeconsitierdain the prioritized aggregation, and its
satisfaction relative to the most favourable satisfaction that a gik@gact competency
evaluationcriterion can achieve. This relationship ensures that the high satisfacteon of
lower priority project competecyd svaluationcriterion does not compensate for the low
satisfaction ofa higher priority project competen@y €valuationcriterion. Furthermore,
the developed methad extended tduzzy environments to capture information tlaae
subjective in natu.

3. Identify and group project competencies, through the application of the dimensionality
reduction technique, of similar correlation relationship. Grouping project competencies
into fewer groups enhances their evaluation, analysis and, improves projgittencies

and project performance modeling.



4. Develop auzzy hybridintelligentmodel, that integrates state of the art techniques such as
the developed prioritized aggregation methdidpensionality reductionfuzzy logicand,
artificial neural networks.Integrating thesetechniquesin modeling enhances the
interpretability as explained later in this thesdd, the developeduzzy hybridintelligent
model to identify and quantify the relationship between project competencies and project

performance.

1.5.2 Expected Industrial Research Contributions

Expectedmdustrial research contributions presented in this thessuarmarizeds follows:

1. Provide a comprehensive, detailed list pfr o j e c t C evalpatidn eniteciaarels 0
measurement scalésr constructm pr acti ti oners to measur e
competencies

2. Identify a standardized breakdown of performance measures for construction practitioners
to evaluate their projectsd performance.

3. Incorporate the evaluation of different project competn and project performance
measures into the developedzy hybrid intelligentmodel to identify theeffectof project
competencigsimprovement on project performance. The4y hybrid intelligent model
will assist construction practitioners to formalize and improve the evaluation of project
competencies and project performance.

4. Deliver a software tool to evaluate project competencies and project performance. The
software toolallows construction practitioners to alate their project competencies and
project performance respectivedy different points of project life cycle and identify trends

of improvement in project competencies and performance
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1.6. Thesis Organization

Chapter 1 provides background, a brief literature review, and a statement of the problem.
This chapter also describes thecademic and industrial research objectives, research

methodology andexpectedacademic and industriabntributiors.

Chager 2 presets a literature review of previous research in the areas of project
competencies, project performance measuresthadelationship between project competencies
and performance respectivelly standard hierarchy of competencies and performance measures
with detailed evaluation criteria and measurement scales for each is presented. Data collection

procedures are also presented in this chapter.

Chapter 3presentsthe development andpplication & a new prioritized aggregation

methodin crisp and fuzzy environments.

Chapter4 presentsthe development o& fuzzy hybrid intelligent model The different
components of the model (i.e., prioritized aggregatiomensionality reductiarfuzzy logic and,

neural networks) are introduced and their application is explained.

Chapter5 presents thepplication, analysis, and resul$ the fuzzy hybrid intelligent

modelusing data collected from seven construction projects.

Chapter 6 presés asoftware toolthat has evaluate and predictiveeapabilitiesfor the

different project competencies and performance measures.

Chapter7 describes the conclusions, contribuspand limitations of this researchAlso,

recommendations for future resehare also presented
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CHAPTER 2.7 Review of Project Competencies and Performance
Frameworks and Models: Advancing ExistingChallenges and Limitationg

2.1. Introduction

Construction projects are completed as a result of merging many events and interactions,
with varying participants and processes in a constantly changing environment. Many of these
events and interactions cae ljuantified and then used to differentiate superior from average
performance Spencer and SpenddrR93)described the measurable events and interactions that
are capable of di fferentiating between super
Performancemeasures, on the other haade vital to construction organizatioasd projectsas
they are used to manage the business and measure the success of projects (Chan and Chan 2004).
Over the pastew decades, researchers have shown intereseiaréa of projectcompetencies

and gerformance.

Defining and measuring the differgmtojectcompetenciesas leading indicators to project
performancejs expected to result in better understanding and identification of requirements for
successful execiain of construction projects. A synopsis of previous researphesented in this
chapter to identify current research gapshi@ area of projectcompetenciestheir relationship
to projectperformanceand project performanc@his synopsis will provida basis fordefining
project competencies and egformance measures, theitierarchies, evaluation and, data

collection tools.

! Parts of this chapter have besmbmittedfor publication in Journal of Asimation in ConstructiarOmar, M. and
Fayek, A.Robinson(2015). iModeling and Evaluating Construction Project Competencies and Their Relationship
to Project Performanade Manuscri pt, 53 pages.

15



2.2.Review of Project Competencies and Project Performance Frameworks and Models

An overview of previous research in the arefprojectcompetenciegheir relationship to

projectperformanceand project performange presentedext

2.21. Project Competencies and Their Relationship to Project Performance

Project ompetenciesin general are difficult togroup and measure due to the
multidimensional and subjective nature tifeir assessmentProject ompetencies exhibit
subjective assessments that cannot be expressed by the traditional numerical approaches (Fayek
2012). Previous research has addresgedject competencies in construction by describing
project competencies, in many situatioas, performanceit thus did not investigate projects
competencies as a prerequisite fooject performanceevaluation or the fact thatproject

competencies are leading iodtors for project performance improvement

Hitt and Ireland (1986 used corporate level competencies and market return, as a
performance measure, to evaluate the relationship between them. Corporate competencies were
used as independent variables irrgression analysis and market return was used as a dependent
variable. The results of the regression analysis suggested that a relationship exist between the

different corporate competencies and market returapasformance measure.

Spencer and Spencét993)d evel oped an fAlceberg Model o
gualities as one element of the model, and knowleagiskills as the second element. Spencer
and Spencer (1993%oncluded that in order to adequately measure competencies, the personal

and pofessional competencies of individuals of an organization needs to be considered.
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Provost and Leddick (1993) proposadystemthat is dividedinto differentcomponents
such as diviens, departments and functionBhese componentare unified by a common
objective. The system proposed byProvost and Leddickmeasured anaptimized overall
performanceby optimizing the different components of the systéigure 21 displays how the
family of measuresveresetas one system to measwverall performancérovost and Leddick
(1993) stated that the categories required for measuring performance are universal, but the
fispecific measures for any one organization depend on factors of uniguengssPr ov o0 st a

Leddick 1993, P479).

Family of
Production viewed as a system measures of the
stem
Receiptand _ pegign and Consumer ¥
test of matenal redesign \ research Consumer

Suppliers of Productlon Assembly inspection  Distribution // ggzztn?g;;

maien a \ S D ) Business
P ment C / =~ Employees
equip \ Community

/ Tests of processes,

machines, methods,
and costs

Figure 2-1 Concept of a Family of Measures of a System (Provost and Leddick 1993)

Sparrow (1995) attempted to integrate the different concepts of organizational
competenciesdescribed irprevious researchhrough different levelsf the organizationThree
main approaches were described by Sparrow to measgemnizationalcompetencies. The
Amanagement competenceo approach I s i ntroduc
effectiveness aoss different occupations and sectaishin an organization. Aibe havi our al
compet enc e owasanpgstigaiea toh evaluate individuals and complement the
Amanagement ¢ o0 mpaerbss differerdccupgtipnsarmd manbgement hierarchies

within an organization The third approach,i c or e ¢ o m@rerged na identdy the

17



resources and capabilities of the organization that are connected to overall perfoBpancav

concluded thain order for organizationsto emerge from the current chaos time business
environment, then looking for ways to-irgegrate thethree approaches (i.e., management
competence, behavioural competence and, core competenogjaimizatios and its Human
Resources Management ( HRép)ng @gpredtiensnereaté broace s s e n't
selection and assessment systems based around organiztgnelabehavioural competencies

may offer an attractive way forwatdo c ompet e i0n (tSDpdROFM@EYd mar ket

Kagioglou et al. (2001) provided a conceptfraimework that integratemain themes of
performance managemerguch as organizational strategand linked it todifferent project
performance indicators. A conceptual framework was develtypsdd on deploying a set of
processes for performance managetrend improvement. The strategies were articulated in a

set of processes that are monitored to improve different aspects relptettbperformance.

Walsh and Linton (2001) limited their investigation to core competencies, where, a
distinction betwen competencies and capabilitieas made. Competenciesere defined as
Afirm specific technologies and production re
capabiliteswvered e f i ned as Afirm speci fic buWasmand s pr a
Linton 2001, P167)The implementation of the two conceps stated by Walsh and Linton
requires a deep understanding of what <core co
pursuito where, companies acondpetepcie® jnetermissof t e n d

benchmarking. Accordingly, competencies are being assessed to achieve superior performance.

Markus et al. (2005ponducted an extensive review of previous competemelaeted

research. The benefits of applying competericrasdds in New Zealand organizationas
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described by Markus et al. (200%)ere investigated in Human Resources (HR) systems and
practices. Three approaches were identified for modeling competencies: the educational
approach, psychological approach, and bussirepproach. The educational approach is centred

on the functional role analysis which is basedibon ol e out comes, or know
attitudes, or bot h, r(Madkus ietrale 20057 107). The psichologicalr f or m
approach is based on identifying competencies basédtome s ki | | ed behaviour
recogni zed star perf or mer gMarks etrali 2005p1a7). tThec ul ar
business approach is most relevant to thestruction domain, wherein inputs to the competency

model consigd of organizational competencies for competitive advantage, including core
competencies, capabilities, and practices; outputs of a busiassd competency modekre

measured in terms e&bft performanceneasuresuch as communication and interpersonal skills

to assess organizational performandarkus et al. (2005) concluded three fundamental issues

related to competencies modeling, identified from previous research, as follows:

1. Constru¢ validity: this is related to the validity of assessing whether the measures applied to
guantify competencies are actually measuring the competencies. Another associated issue is
that many competencies are evaluated using self and supervisor ratinggnatines by
peers. Thus, the assessment of competencies is likely to suffer from reliability problems.

2. Model validity: validation of the model is important because competencies describe normative
productionrelated competencies and individual behaviours.

3. Predictive validity: This is attributable to the issue of lack of evidence for benefits that result
from adopting a competency approach. The underlying assumption of all competency
initiatives is that the productierelated competencies and individual &eiours, will lead to

improved job performance.
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The construction industry institute (Cltevelopeda project competencies toolkit (ClI

2005) that assists ownersdecide upon the moséective approach to outsourcitite diaerent

project competencie3he ultimate objective of the tool was to provideyatsmatic approach to

determine key project competencies and their outsourfangowners and contractors in

construction projectsFurthermore, the project competencies toolkssised owners and

contradors in the formation of optimal work relationships based on project competédfigiese

2-2 details the nine processes steps included in the project competencies toolkit.

Process Step 1
Identify and

deyne
project

C

competencies

Process Step 6

Determine role of|

the supporting
participant

Process Step 7

Estimate owner

resources

Process Step 3

Process Step 2 Determine driver

Review for behind core
completeness competency
decisions

Process Step 5 Process Step 4

ap?)?ﬁlr?r?ate Classify
ownekcontractor competencies int

work relationship core or norcore

Process Step 8

Determine work

relationship(s) by|
project phases

Process step 9
review for
alignment

Figure 2-2 Project Competencies Toolkit (Cll 2005)

The project competencietolkit developed by CIl (2005) assist@doject management

teans during the development of projectThe process provided a link between the strategic

objectives

of

t

he company deyned prgect leaeh

responsibilitieqi.e., project competencied)e y n esde by the project management team.

uppe

Draganidis and Mentzas (2006) reviewed and summarized previous work in the area of

competencypased management in human resources management systems. First, they identified
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the various definitions of competencies from previous research. Thermehegdcompetencies

from observingsatisfactory or exceptional employee performance for a specific occupation
developed a list of specific competenciesmprove performancen work. An overview of 22
commercial competency management systems was reviewed in order to conclude common
features. These common features were organizational competencies and indeladedl

abilities.

Levenson et al(2006 applied descriptive statics, factor analysis, correlation and
regression analyses to identify the relationship between managerial competencies and then,
managerial competencies and performance. First, correlation analysis was performed to measure
the correlation relationship treeen the different managerial competencies. Then, factor analysis
was performed to group the different competencies in order to conduct a regression analysis.
Finally, regression analysis was performed to identify the relationship between the grouped

competencies (i.e., from factor analysis) and performance.

Caupin et al. (2006) defingufoject managememompetencies as a set48 competence
elements hat cover the febwing: technical competences for project managemeet, 0
elements); behaviouratompetences of project personneé.( 15 elements); and contextual
competences of projects, programmes and portfolies {1 elements)Each of the elements
was further divided into sets of evaluation criteria with predetermined 10 points measurement

scale. Table A lists the competence elements for each category.
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Table 2-1 ProjectManagemen€ompetencies Elements

Technical Competence Behavioural Competence Contextual Competence
1 Project management success 1 Leadership 1 Project orientation
1 Interested parties 1 Engagement & motivation 1 Programorientation
1 Project requirements &bjectives |  Selfcontrol 1 Portfolio orientation
1 Risk & opportunity 1 Assertiveness 1 Project programme & portfolio
1 Quality 1 Relaxation implementation
1 Project organization 1 Openness f Permanent organization
1 Teamwork 1 Creativity 1 Business
1 Problem resolution 1 Results orientation 1 Systems, products &
1 Project structures  Efficiency technology
1 Scope & deliverables 1 Consultation I  Personnel management
1 Time & project phases f Negotiation I Health, security, safety &
1 Resources 1 Conflict & crisis environment
{ Cost & finance 1 Reliability I Finance
1 Procurement & contract 1 Values appreciation ' Legal
1 Changes 1 Ethics
1 Control & reports
1 Information & documentation
1 Communication
i Startup

Isik et al.(2009) appliedstructuralequation modelingo establish the relationship between
different management competencies and organizational strengths/weakness as a performance
measure. Astrongrelationship between the different management competencies and corporate

strengths/weaknessaw identified as a result of applyiatyuctural equatiomodelinganalysis.

Alroomi et al.,, (2011) proposed an estimating ewsepetency framework and
methodology to prioritizeost estimators behaviou@mpetencies on the basis of the combined
effectsof the level of importance of each competency and its associated gap between the ideal
and actual level of competency. A correlation analysis between the diffeedatvioural
competencies was conducted to measure the degree of relationship betweefietbnt di
variables(i.e., behavioural competenciespdtor analysis wathenused to group the predefined

behaviouratompetenciesto factorgroups.
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A 10-10 performance program was developed by CIlI (2013). Th&0lperformance
program identified setsfdeading indicators through the project life cycle to benchnpaodiect
performance. Cll researalentified ten sets of inputs (i.e., project competencies), as leading
indicators, for evaluating project performancéhe 1010 performance mgram evaluate
project competenciassing simple statemeiased questions. Ten leading indicators (i.e., input
measureghat represents project competengciage obtained throughotihe p r 0 j @iffererd s
phasesthat canact as leading indicators to the projeoanagement teams for possible
improvement aread his diagnostic capability aedl inthe development of corrective actsao
improve project performancés for output,ten outcome measures (i.lagging project KPIs
are used to determine if tipeojectis proceedings planned or noThis researcldistinguished
between project competencies, as leading indicators for project performance, and project

performance. The input and output metrics are listed in TaBle 2

Table 2-2 10-10 Program InpLit OutputMetrics

Input Metrics Output Metrics
1. Planning 1. Total project cost/capacity
2. Organizing 2. Total project schedule/capacity
3. Leading 3. Phase cost/capacity
4. Controlling 4. Phaseschedule/capacity
5. Design efficiency 5. Phase cost growth
6. Human resources 6. Phase schedule growth
7. Quality 7. Capacity efficiency
8. Sustainability 8. FTE/Total project Cost
9. Partnering and supply chain 9. FTE/cost (includes complexity
10. Safety 10. Phase cost/Phase schedule

Omar and Fayek (2014) proposed a framework and methodology for measuring project
competenciesand performance The proposed framework categorized the differprdgject
competencies into technical and behaviougaioject competencies. Technicaproject

competencies stem from organizations, while behaviqan@gect competencies are attained by
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individuals. The twopr oj ect c catgya@i¢swenecassansed toontribute to better

performanceon construction projects.

Previous research synopsis ideetlficontributions and limitationsn modeling project
competencies and their relationship tojpcd performance. A summargutlining the main
contributions of previous research and the limitatioms each study, discussed earlier, is

presented in Table-2.
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Table 2-3 Summary of Previous Regeh in Project Competencies and Their Relationship to Project Performance

Advancement to Advancement to

Study Description Reference Overview of the Study Project Competencies  Project Performance Limitations (i.e., Gaps)
1 Considered simple
Identified a relationship statistical analysis to relate
. . Evaluated corporate level )
Evaluatingcorporate Hitt and . Developed a between corporate corporate competencies ta
, competencies and .
competencieand Ireland . breakdown of competencies and mark performance
performancaising . )
performance (1986) . . corporate competencie return as a perfonance § Considered one
regression analysis L )
measurestatistically performance measure in
the study
5 9 Did not consiér
liﬂe;/e(ljozeld %"" I ¢ cheabt ¢ Developed a organizatiosroles
Project competencies Spencer and breakdown of 9 Did not identifyany

individuals qualities as one
element of the model, and

Did not consideany

measurement and Spencer
performance measures

individuals qualities performance measures

evaluation (1993) knowledge skills as the and, knoyvledge and 1 Did not relate project
second element. skills competencies to project
performance
Developed a system with 9 Identifiedsubset

different componentto performance measures for

Relied mainly on

Project competencie: Provost and represent competencies. evaluating individuals Considered sulset of a specific context (i.e.,
measurement and Leddick These components are attributeg assisting in performance measures i material supply)
evaluation (1993) unified by a common ; . 9 the ewaluation 1 Did not relate project
inimied by a co . performingdaily tasks e project
objective which is project competencies to project
performanceneasures performance
Integratedhreedifferent 9 Did notconsider
concepts of organizational Applied the three Considered performance measures
Organizational Sparrow conpetencies, described ir competence approache organizational 9 Did not relate
competencies (1995) previous research, througt to identify competencies evaluatio! organizational
different levels of the competences. to represent performanc competencies to
organization performancemeasures
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Advancement to Advancement to

Study Description Reference Overview of the Study Project Competencies  Project Performance Limitations (i.e., Gaps)
1 The framework was
conceptual (did not
A framework that Integrated Considered considerverification or
integrates main . de.ployed sets of processe organizational organizational processe validation
Kagioglou et (i.e., competencies) for . . . o .
themes of strategies to different as indicators for 1 Identified competencies
al. (2001) performance management . o
performance and improvement construction organizational and performance as two
management P performance indicators performance distinct entities, but did not
investigateherelationship
between them
9 The framework was
considered as a guililee
Developed a for practitioners
Y shang  Develpedacompeterey  PCRCOMIS punotconsier T Dot denty spectc
p()a/valuationof Linton pyramid toevaluate com etgencies into performance measures i gvaluate organizational
N competenciefor by . the evaluationand 9
organizational (2001) N technical competencie: . performance
. organizations . modeling .
competencies and managerial 9 Did not relate
capabilities competencies to
performance
9 Provideda
comprehensive
overview of the : .
A critical review of different coiZZSIt?JZrI?dth e 9 The study was considered
previous Identified threemain competency models oncepluaty guideline for developing
competencies Markus et al. approaches for modeling § Identified Importanceof and validatinguture
P (2005) PP 9 entine differentiating between

frameworks and
models

competencies

fundamental issues
that should be
considered when
modelling
competencies

project competencies an
performance

competency models.
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Advancement to Advancement to

Study Description Reference Overview of the Study Project Competencies  Project Performance Limitations (i.e., Gaps)
Did not provide a standard
structure fomproject
competencies, definitions,
functions and responsible

A tool that assists owners ti tmhgmt)OeCrZSPSrowded only
dgcide upon the most Developed a detailed Did not consider Did I:IO'[ iden.tify specific
Competencies toolkit CIl (2005) eaectiveapproach to process to identify  performance measures i rformance megsures o
outsourcing the dierent project competencies evaluation pe luat ect
project competencies evaluate projec
performance
The relationship between
project competencies and
projectperformance is not
identified
. . Did not provide guidelines
Summarized previous work
Draganidis in the area ofpcompetency common features for Did not consider or a framework on how to

competencie® mo ¢
and systemare
identified

Competencybased

and Mentzas based management in humi
management system

(2006) resources management
systems

performance measures i
evaluation

improve project
competencies and
performance modeling

Developed detaild
criteria for evaluating
project management
competencies

Did not consider
performance measures i
evaluation

Caupin et al. Defined project managemet

Competence Baselin (2006) competencies

Did not identify specific
performance measures to
evaluate organizational
performance

Did not relate
competencies to
organizational performanc

Applied statistical
analysis to identify the
relationship between
managerial competencie
and then, managerial
competencies and
performance respectivel

Identified the relationship
between managerial
competencies and then,
managerial competencies
and performance

respectively

Measuring the
relationship between
managerial
competencies and
performance

Identified criteria for
evaluatingmanagerial
competencies

Levenson et
al. (2006)

Considered simple
statistical analysis to relate
manageriatompetencies
to pefformance
Considered few
performance measures in
the study

27



Advancement to

Advancement to

Study Description Reference Overview of the Study Project Competencies  Project Performance Limitations (i.e., Gaps)
1 Considered simple
Applied a structural equatio statistical analysis to relate
Impact of corporate modeling analysis to corporate competeies to
strengths/weaknesse . establish the relationship  Identified criteria for Identified criteria for performance
) Isik et al. ; . . s .
on project (2009) between the different evaluating managemer evaluating organizationa § Considered only
management management competencie competencies strengths/weakness organizational
competencies and organizational strengths/weakness in the
strengths/weakness studyas performance
measure
Considered t i Dld_ not consider o_the_:r
. projectcompetencie§i.e.,
behavioural aspect for ; A .
. ; . . identified in previous
Analysis of cost . Proposed coreompetency some project Did not consider e .
S Alroomi et , ; . studies)in theevaluation
estimating al., (2011) framework and methodolog competencies. performance measures i 1 Did not relat
competencies " for cost estimators Identified criteria for evaluation Id no tre ate i
evaluating cost corTf1pe encies to
estimators performance
1 Acknowledged the
relationship between
Identified sets of leading project competencies and
indicators through the Identified criteria for Identified criteia for performance, but did not
10-10 performance : . . ; . . .
roaram ClIl (2013) project life cycle to evaluating project evaluating project quantifythe effect of
brog benchmark project competencies performance project competencies
performance improvement or lack off on
project performance
Framework for
Identlfylng and Proposed a framework anc o o e o 1 The framework was
Measuring Omar and . Identified criteria for Identified criteria for .
. methodology for measurinc . ; ; ; conceptual (did not
Competencies and Fayek ; . ¥ evaluating project evaluating project : L
and evaluatingonstruction ; consider validation)
Performance (2014) competencies performance

Indicators for
Construction Projects

project competencies.
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Previous researcltas summarized in Table3 addressed project competencigsmany
situations, as projegberformance (Fayek 2012j thus did not investigata comprehensive
structure of project competencies, the fact that project competencies are leading indicators to
project performance and, the relationship between project competencies and projecapegorm
measures. Limitations in previous research can be categorized into three main limitations as
described earlier by Markus et al. (2005): 1) the ability of existing competencies models to
capture the different types of project competencies (i.e., ag@omal and individual
competencies), 2) validity of exXxisting compe:
competencies and, 8ck of evidence for benefiis.e., project performance improvemettipt
result from adopting a competency appro@eh, ability to relate project competencies to project
performance measures).

For previous research that related project competencies to project perforaqapigeng
simple statistical analyses to establish the relationship between project competed @esject
performance is considered inadequate due to the nonlinear, multidimensional and subjective
nature of project competenciassessmentccordingly,in order toidentify andestablishthis
relationship between project competencies and projectfopmance, project performance

measures needs to be examined.

2.2.2. Project Performance

Performanceaneasuresre vital to construction organizations as they are used to manage
the business and measure the success of construction projects (Chan agd0@had@ver the
past two decades, researchers have shown interest in the area of project perforezauces
idertification and quantificationThe purpose of using projge¢rformancaneasuress to enable

the assessmentf project and organizational performance throughout the project life cycle. In
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order for performanceneasuredo be effective, the measures or indicators must be accepted,
understood, and owned across the construction organization and its differemuatimmst

projects(Cheung et al. 2004; Navon 2005)

In the early 1990s, the evaluation of construction project success was tied to a few
performancemeasureswhich in turn were tied to the project objectives. These performance
measuresvere a function ofproject duration, cost, and quality (Navarre and Schaan 1990).
These three categories of projperrformance measur@gere described as insufficient by Ward
et al. (1991). Pinto and Pinto (1991) stated that measures for enhanced project performance
should also include project satisfaction with different project parties. Subjepgvirmance
measures such as partici pant s perfosnaricemsasuses.t i o n
Kometa et al. (1995) used a comprehensive approach to evaluate projectsgecé by
defining a set oproject key performance indicatorkKls). The projectKPIs included: safety,

construction cost, running/maintenance cost, time, and flexibility to users.

DuPont firm (Chandler 197Bassioni et al. 2004presented the Returon Investment

(ROI) measureand the pyramid of financial ratios in the early 20th century. Many of the
financial performance methods and techniques developed by DuPont firm are used today in the
construction industry and are implemented on the organizhteomd project levels (Chandler
1977; Kaplan 1984; Neelynd Bourne2000). However, a fundamental disadvantage of
financiatbased performancmeasuress the fact that financial information is lagging, in the
sense that it describes the outcome of prggediormance after it occurs by at least one reporting
period (Kaplan 1984; Eccles 1991; Letza 1996; Bourne et al. 2000; Norreklit 2000; Bassioni et

al. 2004).
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Recentresearch has focused on evaluating project performance through best practices and
benchnarking programs. The construction best practice in UK introducedpibiect KPIs
measurement program, where, sets pobject KPIs are defined for different project and
organizational levels that directly reflect the current performance and performagets tar
organizations and projects (Egan 1998jmilarly, the Canadian Construction Innovation
Council (CCIC) the Construction Industry Institute (CllI) andonstruction Owner Association
of Alberta (COAA)have eacldeveloped a benchmarking program tia&ilitates data collection
and producing results pertaining to performance messurgroject¢Rankin et al. 2008\asir

et al. 2012COAA 2010; CIl 2013a, Cll 2013b

A comparative examination on benchmarking programs and project performance
evaluaton was also presented by Costa et al. (2006). Benchmarking programs related to
construction industry in Brazil, Chile, United Kingdom, and the United States of America were
assessed, and a set of recommendations were derived as follows: 1) a unifofroatiessof
performance measureise(, projectKPIs) needs to be established, 2) a framework is required to
migrate fromprojectKPIs to performance management systems and, 3) a collaborative learning
processes is needed to devise pegjectmeasuresie., projecKk P1 s ) f or construct

performance

Following this literature review in the areas of project competencies, their relationship to
project performance and, project performance measures, a breakdown of project competencies
and project prformance measures is needed to overcome the different project competencies
frameworks and models limitations, as described in Takle @nd to relate them to project
performance measures (i.e., project KPI3he following section presents a detailed

methodology to identify and evaluate project competencies and project performance measures.
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Identifying and quantifying the relationship between project competencies and project

performance measures is discussed in chapter four of this thesis.

2.3. ProposedMethodology to Evaluate Project Competencies and Project Performance for

Construction Projects

This section presents a proposed methodology to identify and meapuogect
competenciesand project performanceThe process of identifying the different peof
competencies, their evaluation criteria and measurements is first presented. Similarly, project
performance categories, Project KPIs #meir measures are presented as illustrated in Figure 2

3.
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Investigate previous literature to identify the
different project competencies and
performance measures for construction
projects

v v

Compile list of project competencies and their
evaluation criteria

Compile list of project performance categories and KPIs

N h
s ~N ~N

Define measurements for project competencies'
evaluation criteria

Determine measurements for project KPIs

N N

Develop interview surveys to collect project

.. . Develop a worksheet to collect project KPIs
competencies information

v v
/ \ / Verify the list of project performance measures by: \
1. Conductinterview surveys with project controls
Verify the list of project competencies in a personnel at construction projects
workshop with construction practitioners 2. Verify the list of project competencies in a workshop
with construction practitioners
. RN /
I |
v

Prepare a final list of project competencies, their
evaluation criteria and, project KPIs

\

Pilot the final list of project competencies, their
evaluation criteria and, project KPIs on a construction
project

Figure 2-3 Process for Determining Proje€bmpetencieslheir Evaluation Criteria and,

Project Performance Measures

2.3.1. Project Competencies: Categories, Evaluation Criteria and Measures

Two main categories of project competencies are identified from previous research

(Provost and Leddick993 Sparrow 1995Fleishman et al1995 Kululangaet al, 2001;Walsh
and Linton2001;Markus et al.2005;CIl 2005;Caupin et al., 2006; Edgar and Lockwood 2008;

Alroomi et al. 2011, CIl 2013a; Cll 2013b; Omar and Fayek 2Q1%he first category is

atrib ut abl e to how an organization functions.

attained competencied.he two categoriegontribute together to betteconstruction project
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performance Accordingly, the two categories of competencidentified are defined as: 1)
functional competenciesvhich areknowledge and production related skills in a construction
project. This knowledge and production related skills stem from the organization to assist in the
execution of tasks in a constructiproject and2) behavioral competencieshich area mixture

of knowledge, skills, abilities, motivation, beliefs, values, and interests attained by individuals in

a construction proje@ndassist in the execution of tasks in a construction project.

Investigation of previous researdad to identifying 21 functional competencies that
consist of 162 evaluation criteria for measuring functional competencies. ZFdbists the 21
functional competencies identified from previous research. Each functoomapetency is
further divided into sets of evaluation criteria for measurepre@mples of which ishown in
Table 25. A detail ed |1 st of functional compet enc

Appendix 1.1.

Table 2-4 Functional Competencies

1. Prgect Integration Management 12. Project Change Management

2. Project Scope Management 13. Project Stakeholders Management

3. Project Time Management 14. Project Environmental Management
4. Project Cost Management 15. Project Commissioning and Startup
5. Project Engineering and Procurement Management 16. Project Innovation

6. Project Resource Management 17. Project Workface Planning

7. Project Risk Management 18. Project Contract Administration

8. Project Communication Management 19. Project Team Building

9. Project Safety Management 20. Project Workforce Development

10. Project Human Resource Management 21. Project Technology Integration

11. Project Quality Management
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Table 25 ExamplesoEv al uati on Criteria for AProject

Competency

9. Project safety Management
9.1. Policies and procedures for safety cost management are developed at the company
Roles and responsibilities for applying practice ongtmect are clearly identified for the
project responsible teams.
9.2. Safety preplanning meetings are held, and a safety plan is established for the proje:
9.3. Safety meetings are conducted regularly on site for proper safety practices executic

Two scales are identified for measuring the diffeerdluation criteriaThe first scale is
the maturity scale. The maturity scale is developed based oresbarch work presented by
Sarshar (2000) and Willis and Rank0(1, 2012) in the area of comsttion industry maturity.
Sarshar (2000) introduced a Structure Process Improvement for Construction Enterprise (SPICE)
to measure the maturity of practices and processes. The SPICE franesaluktes the extent
of how the different processes are measumeanaged, and controlled. Willis and Ranid01l,
2012) maturity assessmantolvesmeasuring the extent of existence of the diffeexaiuation
criteria The integration of the two scalesusedin this paperto benefit from the advantages of
the two maturity models as described $grshar (2000) anw/illis and Rankin 2011, 2012)

respectively The developed maturity scalepigesentedn Table2-6.

Table 2-6 Maturity Scale for Functional Competencies

Scale alue Scale description
Not Applicable  Use of the practice is neexistent on this project
Level 1 Use of the practice is not consistently applied on this project
Level 2 A disciplined process exists for the practice on this project
Level 3 A disciplined process exists for the practice across the different projects within the sar

organization

Quantitative process control is used across the organization to proactively manage the
execution of the practice on this project

Coninuous process improvement is used across the organization to optimise the prac
this project

Level 4

Level 5
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For example, when assessing th&ject Safety Managemeritcompetency, the maturity
of the eval 9.3 $afety meetngsiare eonduaterhuldily on site for proper safety
practices executiono can be evaluatEde26si ng t
above. The developed scale captures two main aspects of the competency; the existence of the
practice, and whether the practiceordly applied or being proactively managed as described by

Willis and Rankin 2011,2012) and Sarshar (2000) respectively.

The second scale considered for measuttiregevaluation criterigs the importance scale.
The importance scale is used to prioritize the evaluation criteria pertaining to each functional
competencyFive and seven point bipolar importance scales are comynuseld to capture the
importance of evaluated criteria. The five point importance scale is more advantageous as it
tends to be a good balance between having enough points of discrimination without having to
maintain too many optionfor respondents to chee from (Nunnally 1978)The importance
scale allows the identificatioof the relative importance of an evaluation criterion compared to
the set of evaluation criteria used to measure a given functional competency. A five point
importance scale rangingofm 1 fAextremely unimportanto to
identified for measuring the importance of the different evaluation criteria pertaining to the

differentfunctional competencie©fnar and Fayek 20)4

As for behavioural competenciesyestigaion of previous researded to identifying 20
behavioural competencies that consist of 86 evaluation criteria for measuring behavioural
competenciesA detailedlist of behavioural competencies identified from previous research is
presented in Tablg-7. Each behavioural competency is further divided into sets of evaluation
criteria for measurementxamples of which arshown in Table2-8. A detailed list of

behaviour al competenciesd evaluation criteria
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Table 2-7 BehaviouralCompetencies

1. Analytical Ability 11. SelfControl

2. Training 12. Reliability

3. Assessment Ability 13. Problem Solving

4. Decision Making 14. Commitment

5. Leadership 15. Adaptability

6. Teamwork 16. Building Trust

7. Consultation 17.Interpersonal Skills

8. Motivation 18. Influence (Assertiveness)
9. Negotiation and Crisis Resolution 19. Cultural Competence

10. Ethics 20. Initiative

Table 2-8 Examples of Evaluation Criteria for Teamwork Behavioural Competency

6. Teamwork
6.1.Members of this team participate as active and contributing members t
achieve their teamds daily goal s.
6.2. Members of this team work cooperatively with other teams on their dai
tasks.
6.3. Members of this team share information as appropriate &o tedims.

Two scales are identified for measuring the different behavioural competehoeefirst

scale is the agreement sca§zen (1991) suggested in his theory of planned behavtourse a
7-point bi-polar scale ranging from a negative evaluation (stgpngly disagree) on one end to a
positive evaluation on the other end (gegrongly agree) to form a bipolar continuum for
evaluating human behaviourBhe scale identified byjzen (1991)is used in this research to
measure the degree of existence of the different evaluation criteria pertaining to behavioural
competencies within teams performing work on a construction projde. second scale
considered for measuring behaviducmmpetencigessimilar to the functional competencies

evaluation criteriais the importance scale.

2.3.2. Project Performance: Categories and Project KPIs Measures

Several frameworks and methodologiegere presented earlier to identify project

performancemeasuresThese frameworks ranged from a theoretical concept to measurable sets
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of projectKPIs. Reviewing the different frameworks and identifying the advantages of each, a
framework and a detailed set pfoject KPIs are developed@BPRKPI 2002;Chan and Chan
2004; Rankin et al. 2008; COAA 200Blasir et al. 2012 Cll 2013 ). The decision to merge
these frameworks amarojectKPIs is based on their wide application in different industries and
construction projects. Thecategorization of performance measune® sets ofproject KPIs
provide a comprehensiwaverviewof project performance througievendifferent performance
categoriesand 46project KPIs Table 29 lists the seven project performance cates and a

sample ofprojectKPls. A detailed list of project KPlIs is presented in Appendix 1.3.

Table 2-9 Examples of Performance Metrics and Project KPIs

Performance KPI KPI Description KPI KPI
Metric Number Definition Formula
The variance between the
actual total project cost iate
and the total project estimate
Cost 1.1 Project CosGrowth  to-date at tender stage,
expressed as a ratio of the to
project estimate tdate at
tender stage
The variance between the
actual total project durationtc ((actual total project
date and the project duration durationi project

((actual total project
cost total project
estimate at terat

stage)/ total project
estimate at tender

stage)

Project Schedule

Schedule 2.1 to-date at tender stage, duration at tender
Growth . . .
expressed as a ratio of the stage)/ project duratior
project duration talateat at tender stage)
tender stage
The ratio between the total
cost of scope changes total cost of scope
Change 3.1 Total Change Cost (contractorpand cIie?"nt) tdate éhanges/actual t(?tal
Factor . -
and the actuabtal project project cost)
cost tedate
The ratio between the time (amount of lost time to
. lost to incidents in hours incidents (in
Safety 41 Lost Time Rate measured over 100,000 hour: hours))/(100,000ours
of work of work))
The ratio between the total (total direct cost of
Quality 51 Total Field Rework direct cost of field rework to field rewo_rk factual
' Cost Factor date, and the actual construction phase
construction phase costtiate cost)
Construction ;Zfaﬁgéovs;tl\:v gggtttkgattztzln d (total installed cost /
Productivity 6.1 Productivity Factor total actual mashours

the total actual mahours te

(Cost) date

worked)
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Performance KPI KP| Description KPI KPI
Metric Number P Definition Formula
. . . Owner/Contractooverall Rating fr.om 1to7,
Satisfaction 7.1 Satisfaction (Design satisfaction with the design where,_l 1S extremgly
' team) team dissatisfied and 7 is

extremely satisfied

2.4. Project Competencies and Project Performance: Data Collection Tools

Project competencies and project KPIs are usedvaluating construction projects. First,
sek of interview surveysredeveloped for collecting dafar the differentprojectcompetencies.
Second, a worksheet is developed to collect project KPIs (i.e., as presented in-Dadnhel 2

Appendix 1.3).

2.4.1.Project Competencie8Surveys

A set of interview surveys are developed for collecting the different functional and
behavioural competencies. For functional competencies, a survey is designed to be completed by
management staff who oversee the applicatbrihe different organizational practices on a
construction projectA sampleof thefunctional competenciésurvey is presented in Appendix
1.4. For behavioural competencies, a set of surveys are designed to be completed by project
personnelinvolved in the construction work®on a construction projectSamples of the
behavioural competenci@surveys are presented in Appendices 1.5 and 1.6 respectively. The

structure of the different surveys is described next.

2.4.1.1. Functional Competencies Survey

The functional competencies survey has two sections. The first section collects information
related to the construction company, project, and respondents. The second section evaluates the

different functional competencies of a construction company on tbgcp level. Each
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functional competency is dividedtoma set of evaluation criteria as described eardiach of

which is measured using (ff)e importance scale and (#)e maturity scale. For the importance

scale, an evaluation criterion pertainingata@iven functional competency is evaluated using a
five-poi nt bi polar scale ranging from 1 RAEXtr eme
For example, to evaluate the importance of ihject SafetyManagemeritcompetency to a

given project, a sumy respondent must assign an importance scale value from 1 to 5 to the
competencyO0s e Vvo2ISafety preplanning meetingsrare deid, amd a safety plan

is established for the project The maturity scale is used to e
of a given evaluation criterion pertaining to a given functional competendyearonstruction

project (Willis and Rankin 2012, 2011; Sarshar 2000). The maturity scale is basex @oiat

scale as described in Table@r an gi n g Uderofotme practicd is neexistent on this

proecb t o 5 fAContinuous Practice | mprovement 0.
the i Pject Safety Managemerit competency is applied ondhproject, a survey respondent

must assign a maturity scale value from 0 to &achevaluation criterion

2.4.1.2. Behavioural Competencies Survey

The behavioural competencies survey has two sections. The first section collects
information related tote r espondent 6s years of experience
The second section of the survey asks the res
competencies at the project level. Each behavioural competency is further dividadsettof
evaluation criteria, each of which is measured usingtli&)importance scale and (2he
agreement scale. For the importance scale, an evaluation criterion pertaining to a given
behavioural competency is evaluated using afiomt bipolar scale angi ng from 1 AE

Uni mportanto to 5 fAExtremely I mportanto. For
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A T e a mwhehakodral competency for a project team, a survey respondent must assign an
importance scale value from 1 to 5 to the competeérey e v al u at6.2o0Memloersioft er i or
this team work cooperatively withtger teams on their daily tagkd he agreement scale is used

to evaluate the degree to which an evaluation criterion exists in the team performing work on the
construction project pertaining to a given behavioural competency. The agreement scale ranges
from 1 liSsapr&ahdlgnglyagr ee o . Accordingly, to eval
the decisiormaking competency exists within a project team, a survey respondent must assign

an agreement scale value from 1 to Bachevaluation criterion

2.4.2. Project KPIs Worksheet

For poject KPIs, data is collected, as described in Tab® ® calculate the different
project KPl's at the same time the project <co
contains all requirediata to calculate the different project KRlisted in Agendix 1.3. For

example the data required for calculati-ng n1l.

10.
Table 2-10 Example of Project KPI Data Collection Worksheet
KPI KPI KPI KPI
Required Data Formula Threshold
L ,(Oi\c:uazlc;cg;a::a?rqect cost ((actual total project

Project Cost 2 Tbtgl roject estimate at cost total project <0 Desirable value
GJrovvth ' tende?stfa e (ie. 10 estimate at tender stage =0 Planned value
date) ge €., total project estimate at >0 Undesirableralue

tender stage)

The project KPIs values presents whether project performance, according to the project
performance categories and project KPIs, are performing according to planned objectives or not?

Furthermore, they quantify the amount of overrun, if any, fmran project KPI.
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2.5. Project Competencies and Project Performance: Sample Size Determination and Data

Collection

For theprojectcompetenciesurveys data collection commences with the identification of
the different occupatial clusters in a construction project. Initially, tbecupationalklusters
are divided into management (e.g., project managers), superintendents, foremen, and
tradespeopleDetermination of sample si@eor, the number of respondents to be surveyed from
the different occupatioml clustersof worker$ is essential to ensure the reliability and accuracy
of results. The survey population, in terms of the total persomslyratified as described
earlier,into managemensuperintendents, foremen, and tradesfgedpnce the population for
each stratum is established, random sampling is taken. Stratified random sampling is an
appropriate method in this situation, as the structure within the population of each stratum is
assumed to be similar in terms of role andction, and adequate sample size is used to ensure
proper representation of the population as a whole (Richard and Liu 2008). Additionally, random
sampling ensures that respondents each have an equal chance of being selected, and thus avoids
biased sele@in of respondents based on convenience (Montgomery and Runger 2003). The aim
in this study is to achieve a 10% margin of error and 90% confidence interval. However, if the
population numbers less than 30, all personnel in a stratum are considered f&y surv

interviewing.

For the functional competenci@survey, the surveyis designed to be completed by
management staff who oversees apglication of thalifferent management practices on a given
construction project. For théehavioural competenci@survey, an additional consistency
analysis is required to ensure the reliability of the data collected (Cronbach, 1951) to capture

behavioural attributes as described Ajen (1991)and to overcome current limitations in
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competencies models as described bykdaret al. (2005). First, maisurvey administration
techniquesare presented. Then a structured approach for behavioural competencies data
collection is consideredFour different behavioural competencies survey administration

techniquesreidentified from previousresearch. A brief descriptiasf eachis presented.

1. 360Degree feedback (Atkins and Wood 1999) is an evaluation system observing
discrepancies or change in rating over time. It is based on rounds of survey instruments to
measure a subject bgguiring evaluation from different sources (ex. team members and
supervisors) related to that subject.

2. Supervisor evaluatiorfHackmanand Oldham1976): A supervisor evaluation system
observing discrepancies or changes in subordinates evaluation. It is considered a special
case of 36@legree feedback.

3. Subordinate evaluation (Hater and Bass 1988): A subordinate evaluation system observing
performance bdeaviour of managers and leaders by subordinates.

4. Peer evaluation (Fishbein and Ajzen 1975; Bandura, 1982; Ajzen 1991): An evaluation
system measuring behaviours. It is based on capturing behaviours by the evaluation of
peers. It is used to demonstratengel attitudes, personality traits and behavioural

competencies.

Based on the four techniques outlined above, a hykabnique,combining supervisor
evaluation(i.e., point 2)and peer evaluatiofi.e., point 4)is used foperformingthe behavioura
competencie® e v a.Thisshybridbenhniqueensures the reliability of the data collected from
supervisors in evaluating their team members. The following structured approach for behavioural

competencigdsurveys data collection is considered.
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1. Supenisors and their teams from each occupational cluster are identified, and a random
sample is determined to select potential respondents to the behavioural competencies
survey.

2. Each identified supervisor in an occupational cluster is asked to completehidnadural
competencies survey to evaluate a randomly selected number of teams working under
his/her supervision. For each selected team, the supervisor performs a supervisor
behavioural competenci@svaluation for the entire selected team.

3.  Finally, fromeach selected team, a randomly selected number of team members are asked

toperfformasele val uati on of their own teambds behayv

A Cronbachods al pha c o e felabiltyiofehe tHataicdlectedsfrerd t o e
different respadents(i.e., supervisor and his/her team membpesjicipating in the behavioural
competencies survey. This test, prior to data analysis, is used to nibasuternal consistency
of the data collected (Cronbach, 1951) from a supervisor and hrsihtiymly selected team
members.Ranging between.0and 1. 0, the closer Cronbachos
greater the internal consistency of the data collected among the different respondents. George
and Mallery (2003) stated that values below Oesumacceptabléccordingly, iftheCr onbac h 6 s
alpha coefficieni s gr eater than that cert aibehavwardlue (i
competencies evaluatias considered for further analysis. Otherwise, the superleuavioural

competencies evaluatias excluded from the analysis (i.€0.5).
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2.6. Validation of Project Competencies Surveys, Project Performance Categories and

Project KPIs

The different data collection tools (i.e.

worksheet) are validated as described next.

2.6.1.Project Competencies Survey¥alidation

For t he project competenciesbo surveys,
Construction Owners Association (COAA) in May 2014. The workshop had 40 construction
practitioners representing owners, consultants and, contractors. The construction practitioners
were of different managerial positions ranging from field operations to senior management and,
varying level of experience ranging from 5 to over 30 years okegperience. The different
functional and behavioural competencies were presented to the audience to verify and provide
additional functional and/or behavioural competencies and/or evaluation criteria that were not
included. Const r ealbackowas ysedato timprove othe efunstibnal fand

behaviour al competenciesd surveys.

2.6.2.Project Performance Categories and Project KPI8/alidation

For the project performance categories and KPIs, first, project controls managers from five
construction copanies in residential, commercial and, industrial construction, and with varying
years of experience, were asked to verify the project performance categories and KPIs, and
identify the frequency of their use through an interview survey. Agmat scalewas used to
verify the project performance categories and measure the frequency of using the different

project KPIs. Additionally, lines were intentionally left blank to add any project KPIs that were

45



not included in the interview survey as presented ppekdix 1.7. A fivepoint scale ranging

from 1 Anever usedo to 5 Aalways usedoO was as
value used to eliminate project KPIs from the list was set at scale value 1. The survey resulted in

a total of 46 KPIgi.e., none of the project KPIs were excluded from the original project KPIs
worksheet) for evaluating project performance. Another validation of the project performance
categories and project KPIs was conducted along with the different project competernbie

workshop conducted at the annual Construction Owners Association (COAA) in May 2014.

Finally, the data collection tools were piloted on a construction project to ensure suitability
of data collection tools for use on different construction ptsjeData collection tools were
considered, by participating construction practitioners in the project, suitable and comprehensive

enough to capture the different project competencies and project KPlIs.

2.7.Concluding Remarks

This chapterpresents a literatureeview of previous research in the areas of project
competenciesthe relationship between project competencies praject performanceand,
project performance measures respectivelgitations of previous research are identified to
enhance the existingody of knowledge in project competencies and project performance
evaluation and modelingréjectcompetencieanddetailed evaluation criteria and measurement
scalesare presentedProject performancecategories and project KPIs measurements are also
presentedData collectiortools and sample size determinateneidentified for data collection
on construction projectsFinally, the developed data collection tools (i.e., for project
competencies andyerformance categories and project KPIs) are validated using workshops,

interview surveys and, a pilot project. Integral to the findings of this chapter, a need to develop
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an information fusion method that is capable of produmifaymative evaluation athe different

project competencies on the higher hierarchical level (i.e., project competency level) rather than
the lower hierarchical levels (i.e., evaluation criteria of project competencies) is vital. This
process provides a collective evaluation tocbasidered for modeling the relationship between

project competencies and project performance as described in the next two chapters.
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CHAPTER 3.7 Information Fusion: A New Prioritized Aggregation Method
for Multi -Criteria Decision-Making Problems? 2

3.1. Introduction

Information fusion isdefined asthe process of integrating information from different
sources to describe the overall behavior of a specific sy@rrmois and Prad2004) The
process of information fusion aims to support decisions and actions relating to a certain system.
Interest in information fusion has grown oveetpast few decadeBubois andPrade(2004)
highlighted four main concepts thahformation fusion aims to fulfil separately or jointly: 1)
improve available knowledge about the current state of the world, 2) update current information
on cases of interest, 3) capture the global point of view of a group of exgeftd) improve the

generic knowledge by means of datence, ggregations central to information fusion

Aggregation in generali s defined as a fimathemati cal o]
reducing a set of number s (Detyriiecki2@1)Theipimary r epr
application of aggregation is to combine information from a group of sources to reach a
collective value representirgl the different sourcesthis chapter presents a new method
prioritized aggregation. The objective of thew prioritized aggregatiormethod is to establish

anddynamicallyquantify the relationship betwedme variou<riteriaduringaggregation.

This chapterenhances the existing body of knowledgg capturing the relationship

betweendifferent data sourcef.e., critgia) during tte aggregation process through a new

! Parts of this chapter have bemrteptedor publication ininternationajournal of multicriteria decision analysis

Omar, M. and Fayek, Robinson(20153). AA TOPSIS based approach for prioritized aggregaiiomultiple-

criteria decisiormaking problem® Manuscri pt, 20 pages.

2 Parts of this chapter have bemrbmittedfor publication in fuzzy sets and systems jour@iar, M. and Fayek,

A. Robinson(2015b). A TOPSIS basedmethodfor prioritized aggregatiom fuzzy environmenté Manuscr i pt ,
18 pages.
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prioritized aggregation methodhis methodis capable of considering the prioritized relationship
between the different criteria considered for aggregati@rebyensuring that poor satisfaction

of higherpriority criteria is not compensated for by high satisfaction of lepverity criteria.

The relationship between criteria is modeled usithg technique of order preference by
similarity to ideal solution (TOPS)) to account for the importance of higk@ority criteria as

well as the degree to whithesecriteria are satisfiedlhe presented method is then extended to
fuzzy environments to account for the subjective nature of measuring evaluation critggia usin

linguistic terms.

3.2. Overview of the Aggregation Problem

When performing aggregation, ensuring that the data are properly combined into one
collective value can be challenging. Tdwlective valuein many instancesieeds taccount for
the relationkip between the individual data considered for aggregatiomany instanceshis
relationship is one of prioritizatiorRecent research has focused on defining and quantifying
prioritized relationshi (Detyniecki 2001Yager 20042009 Yager et al. 201a, 2011b)an et

al. 2011; Bisdorff et aR014 EmrouznejacandMarra2014) during aggregatian

Aggregation methods have numerous +afld applications. One is theulti-criteria
decisionmaking MCDM) problem. InMCDM problens, it is vital to analyze the different
criteria considered to reach a collective value representing all criteria for deniglang (Shih
et al.2007) In the construction domain, many decisions are based on the evaluation of multiple
related criterigYager 1988;Ulubeyli andKazaz 2009; Razmak and Aowz014) For example,
the evaluation of a contractor bidding for a construction project requires an investigation of a set

of criteriasuch as years of experience, bonding capacity, and budget and traxk oéche
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contractor for previous projec(€hooet al.1999) The relationshigpetween these criterizeeds

to be considered before a decision can be made.

Another application of aggregation is the optimization problem. In construction contexts,
an optimzation problem requires the investigation of several criteria that contribute to the
optimization result. For example, the optimization of mass concrete construction requires an
analysis of concrete composition, equipment used, and temperature conteohoBoto this
problem is the application of an aggregation method that allows the determination of an index

representative of the entire set of related criteria being considered.

3.3. Aggregation Methods, Classifications and, Properties

Before aggregatiorcan be applied, the most suitable aggregation method must be
identified. The aggregation methoatescribed in previous reseayatan be divided into two
main categories: 1) crisp aggregation methods that are used to aggregate real values and 2) fuzzy
aggregation methods that are used to aggregate linguistic l@heland Yager2006) The
classification of different aggregation fttion®® and their properti€s within each of the two
categories ofaggregation methods has been explored in previous res@gaetyniecki 2001,
Yager 2004 2009; Yagert al.2011; Wei and Tan@012) These explorations have led to the

aggregation functiongor each categoryeing classifieds illustrated in Tabl8-1.
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Table 3-1 Aggregation Functions Class@mar and Fayek 2015a)

Aggregation Function Aggregation Function Aggregation
Class Class Description Function
Example
1. Conjunctive functions This class of functions considers criteria that-norm
have a | ogical uni or
2. Disjunctive functions This class of functions considers criteria that-conorms
have a | ogical 1nter
This class of functions considers operators ‘Arithmetic mean,
3. are comprised bet we emedian, and order
Compensative/compromi nt er secti on HfAando rstatistic
functions conjunctive nor disjunctive.
4. Non compensative  This class of functions encompasses the = Symmetric sums,
functions compensative class, but extends beyond thicombined tnorm,
minimum and maximum functions. and tconorm
5. Weighted functions  This class is considered an extension to theOrdered weighted
compensative functions. Theeighted arithmetic, weighte(
functions class aims to eliminate the neutralsum, ordered
of the criteria being aggregated. weighted average

Now that the differentategoriesand classifications of aggregation functions have been
identified, an investigatiomto the main properties of these aggregation functions is presented.
Six mathematical properties relevant to an aggregation function have been identified from
previous reearch: boundary, cummutativity, continuity, monotonicity, idempotence, and
associativity conditiongMarichal 1998 Yager 2004, 2009; Pedrycz and Gomide 2007; Shih et

al. 2007) Each of theeis explained below.

Boundary Condition

A vital property of aggregation functianis the boundary condition. The boundary
condition constrains the result of an aggregation funciiz to the minimal andnaximal
boundaries of possible outputs. In other words, if we have only one minimal (maximal) possible
input then we should obtain the minimal (maximal) possible outpethce, br an aggregation

function™Qa:
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fto, &, 0)f( 15 é0 13 nd «[0,1], where x (31)
Cummutativity Condition
The cummutativity property implies that the ordering or ranking of arguments does not
matter. This property is valid when there is equal importance or no relationship considered
between the different criteria to be aggregated. For an aggregation fuf@tonto be

commutative, then:

f ohoBh ="QohwB i ="Qohow , oS (3-2)
Continuity Condition
The continuity property suggests that the aggregation function does not show a chaotic
reaction to a small changet he attri butes considered for agg
error intheinputswillnotc ause a @Abi go er mtoMarichahl998)hFer am e s ul t

aggregation functioh «):

z + T1ip ©O Tip is a continuous aggregation functiorf ity: ™p © Tip (3-3)

Monotonicity Condition

Aggregation functions are monot-decceaswhngd
relationship between the criteria and the output of the aggregation operation. An aggregation
function™Qw is strictly nondecreasing and its result increases when anlgeofttributes under

aggregation increase:

® >w, thenf ® >f @) wherew?d S (3-4)
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Idempotence Condition
Idempotence is an algebraic property related to a binary operation *, wheteis #n
idempotent element with respect to an operation *, theh w = Extending this notion to

aggregation functions, an aggregation funcfiow) is idempotent if:

"QofofB o = wwherew? S (3-5)
Associativity Condition
Another property of aggregation functions is the ability to aggregate by groups, or
Aassoci ati ons 0. sodativityocondifion, ghe thoice ofhtlee graup should not
influence the overall result. The associativity property can be described for an aggregation

functionf &) as:

f Qoo o ="QQohy B ,wt S (3-6)

3.4. Prioritized Aggregation

In MCDM problens, decision makers are required to evaluate criteria while considering
the interrelations between these criteria. For example, when a group of decision makers are
required to evaluate the importance of a detriteria, an importance scale of ordered
alternatives is provided, whete corresponds to the least important evaluation alternative and
@ corresponds to the most important evaluation alternative. Several aggregation methods that
require the processing of multiple interrelatzderiahave been proposdd@ong and Bonissone
1980; Tanino 1984; Bardossy et al993; Hsu and Chen 199Ralescuet al. 1997; Wei 2009
201Q 2012). Theseaggr egati on met hods combine decisio

problemswhile considering the interrelations (e.g., prioritized relationdgiyveen them.
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In many situations, the satisfaction of a higpsaority crterion affects the overall
evaluation of the entire set of criteria under investigafitager 2004 Ulubeyli and Kaza2009
Yager et al. 2011Zhao et al. 2013; Chen and Xu 2014; Chen et al. R(Hdre, stisfaction
implies the degree to which a critam is adjacent to its most favourable settilgMCDM
problems where a prioritized relationship exists between criteria, aggregation must include
information related to the importance of each criterion. Yager (2004) describes importance
informationto be fundamentally advantageous in aggregation because it allows alternatives to be
combined whileoverseeing tradeffs between the respective satisfactiasfsthe different
criteria. For example, irselecting a bicycle for a child based upon the critergatety and cost,
a lower cost of the bicycle does not offset a loss in its s@¥&tger2009; Yageret al.2011).
The advantage of including importance information in aggregation is also exemplified, for
example, by the constructiczontractor selectioprocess. Considdghat a contractoris to be
selectedbased on safety records, experience, and cost. In this situation, the high experience and

low cost of a contractor does not compensate for his/her poor safety record.

Yager has comprehensivalyestigated poritized aggregatiorf1988, 1996, 2004, 2008,
2009, 2011), and first introduced gioritized scoring operatof2004) to account for the
satisfaction of highepriority criteria considered for aggregatioithe prioritized scoring
operatoris used to establish a dynamic relationship between Wagious ordered criteria
considered for aggregation. Yag@009) stated that the application of a prioritized scoring
operator allows poor satisfaction of any higpeority criteria to reduce the dity for
compensation by lowepriority criteria. This is the fundamentatharacteristic ofthe
prioritization relationship established by th

work, the determination of the prioritized scoring operatos \Wwaited in that it was based

61



mainly on the use of the least satisfied critemwdhin a given categoryThe new prioritized
aggregation method, presented in this chaptetendsYager 0 s prioritized

introducing a structured process, using TOPSIS, for calculatingitrized scoring operator

3.5. A TOPSISBased Method for Prioritized Aggregation in Multi-Criteria Decision-

Making Problems in Crisp Environments (Omar and Fayek 2015a)

This sectione xt ends Yager6s work in priorintized
prioritized aggregationfOPSIS is an approach that originates from the geometric conciyet of
displaced ideal pointccording towhich a criterion nder investigation iseen to be situated in
relation toits ideal positive (most favourable) and negative (least favourable) locgGdmns
2002) Each criterion under investigation is assigned an iddeadled the relative closeness
indexd that representsow closeit is to its positive ideal solutionRlS) and how far it is fronits
negative ideal solutiorN]S). Therelative closeness indeg then used to calculatepaioritized
scoring operatotto establishthe dynamic relationship between tharious ordered criteria

considered foprioritizedaggregation

According to Chy2002),using TOPSIS is advantageous for several reasoappitesa
sound logic that represents satisfaction levels of critbyiatheir proximity totheir most
favourable satisfaction; gmploysa simple and effective computational process, where a scalar
value that accounts for both the best and worst alternatives is calculated; and it provides users
with the ability to visualize the different alteatives on at least any two dimensig@iu2002)
The application of TOPSIS in the presented prioritized aggregation method enables the

calculation of a prioritized scoring operatbat incorporates a ¢ h ¢ rrelative impootanées
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compared to othasriterig as well as the satisfaction e&ch criteriortowardits most favourald

satisfaction.

A prioritization process is first introduced to rank and prioritize the different criteria prior
to aggregation. Following the ranking, TOPSIS is applied teegge the prioritized scoring
operator to adjust the r i t existinqrélative weights prior to aggregation. The final stage in
this method is to apply a weighted aggregation function to provide an overall aggregated value

representing the set of cnitg under consideration.

3.5.1.Prioritized Scoring Operator Using TOPSIS

The calculation of the prioritized scoring operator for presentedmethod usesthe
prioritized relationship between critergand the satisfactiotevels ofthe different criteria. The
satisfaction scale represents the degree to which a criterion meets its most favourable satisfaction
level. In the previously considered example where a bicycle is to be purchased for,aachild
satisfaction scale for the safdeature reflect$o what extenthe safety of the bicycle medtse
buyer 6 s r Amoudinal scaeewithws alternatives is assigned for the set of predefined
criteriad. A set of alternativeso w8 o  representsin order,the different satisfaction

levels that a given criterion can achieve.

The set of alternativeso obtained from the satisfaction scale are normalized to avoid a
situation where criteria with greater numaticatisfaction values dominate those of smaller
numericvalues(Shih et al.2007) Thus, the satisfaction alternatigeobtained for thalifferent
criteriais normalized prior to the application of TOPSKSter normalization, the satisfaction

alternative assigned for each criteriod is denoted by . Table 3-2 lists some of the
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commonly useahormalization methods presented in past literature and applied as a prerequisite

to TOPSISHwang and Hwang 1992/ilani et al. 2005; Yoon and Hwarip95)

Table 32 Common Normalization Methods for TOPS&hih et al., 2007)

Normalization Method Formula
Vector normalization O ® , 0 =0, éw
B
Linear normalization @ 6w —w=w, éw
b) 6 0 —o=0, é® ;0 =t Q&
@ 60 —Fh=0, éd;d=00
e) o6 w , O =0, éw

Considering a relative importance scor& "O%r a criteriond and its associated
satisfaction leved @ for TOPSIS application,the 6 Y'Oad the related normalized
satisfaction alternatives w for the various criteria are used as attributes for the TOPSIS
application to calculate the prioritized scoring operator. It is important to gighhat the ideal
positive solution for a given criteridh is & 'Y'O'Y hé @ } and the ideal negative
solution for the same criterion i6 'Y'OY I @ . The coordinates assigned as the ideal
positive (which represés the most favourablRIS and satisfaction of a given criterion) and
those assigned as the ideal negative (which represents the least favaiBainleé satisfaction of
all criteria) solutions geometrically demonstrate a quantification of the reletigeness of a
given criterion assigned a higher prioritye(, expressed in itRI§ to the rest of the criteria
considered in the aggregation. The coordinates also consider the satisfaction level achieved by a

criterionin relation toits most favourala satisfaction levels.
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It is important also to note thab measure the respective distances between a given
criterion and its ideal positive and negative soluti@everal methods are presented in previous
research{Berberian 1998; Steuer 1989; Jones Btaitdle 2004) thatare listed in Tabl&-3. Of
these methods, theuclidean distanceneasuras the most commonly used method in TOPSIS

(Shih et al. 2007and hencd is applied in thisnethod

Table 3-3 Common Distance Measures for TOPSIS (Chu, 2002)

Distance Measure Formula

() Mi n k o wSsnkeirids s
(@) Manhattan (.city block) distange=1 v a1 B
(b) Euclidean distancp =2
(c) Tchebycheff distancp = U

0w , Wher e
with n dimensions

Y o OB ® ® ,Where
of{ 1, 2,z3, ;& Js the weight on thg"
dimension or direction

(i) WeightedS, metrics

In order to determinethe prioritized scoring operator for the proposed prioritized
aggregation method using TOPSIS, the posifiyand negativg') distancesY for a criteriond
are calculatedCalculating thalistancsis a preliminary stefpo determinavhere a criteriond is
located relative to the mosind leasfavourableRIS and satisfactiorvaluesit can achieveA
relative closeness indevan then bealculatedio be used for calculating the prioritized scoring

operator

Following this overview, criteria ranking and weight determination for the different criteria
is described next. Then the application of TOPSIS is presented to calhdaf@idritized
scoring operator. Finally a prioritized aggregation function is used to provide a collective value

representing the different interrelated criteria.
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3.51.1. Criteria Ranking and Weight Determination in Crisp Environments

Several rankig and weight determination methods are identified in previous research

(Ob6Hagan 19 8 81999;108t8Mma2000;Crage2006,2009; Bisdorff 2014)

1. Direct choice of weight: This method is based upon the assignment of weights to the different
criteriaprior to aggregation. Weights are mainly determined from consensus among a group
of experts.

2. Learn weights from data: This method depends on the availability of data to generate weights
for the different criteria considered for aggregation.

3. Select a notdb type of aggregation: This method depends on the use of simple operators such
as tnorms and-€onorms to rank the different criteria.

4. Maxi mum entropy met hod: ObHagan (1988, 1990)
program to develop weights agi a mathematical algorithm. The algorithm is initiated by a
coefficient, U, provided by the decision mak

5. Linguistic-functional specification: Yager (1996) introduced a method for generating the
weights for an OWA aggregation operation using basic momotonic (BUM) functions for
the different criteria considered for aggregation. A BUM function is a mappirip ©

mip such thaf (0) = 0,f (1) =1 and ( x Jf(y)@x>y.

The #fAl ear n wemethbdis applied i the prsentatioritized aggregation
method to prioritize criteria and generaterelative weights for the criteria considered for
aggregation. The application ofethi | ear n we i @ mdthed iSusualypreddad by a
data collection phase (e.gnterview surveyscompleted by experfso measure the relative
importanceand satisfactioof eachcriterion. The different criteria are each assigned values on

two scales: an importance scale to determine the relative importance of a given criterion
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compared to other ¢dria and a satisfaction scale to measure the satisfaction of a given criterion
towards its most favourable satisfaction.

For the presented prioritized aggregation method using TOPSIS, a set of criteria
6 B represents theet of criteria congiered for a prioritized aggregatioAn ordinal
importance scale with alternatives represents the different importance alternatives. The set of
alternativese¢ ¢ B R represents the importance of a given criteriéris the number of
responders who assigned ammportance scalalternativee . Assuming thatJ respondents
provide their evaluation of the importaidcexpressedby the ¢ importance scale assigrieaf
each criterion irthe set, then a relative importance scfRéS for a criterion0 is calculated

using Eq. (37):

0 YO 0 'Y'O¥]O, 1] (3-7)
The application of theRIS provides a datdriven approach that, via thesults of the
interview surveys completed by experts] i ci t s expertsd knowl edge i
importance of the different criteria. The relative importance of the criteria, measured Ri5the
of each criterionis then used as a methodrahking the criteria. Furthermore, the application of
RIS enables the quantification of a relative weight for each criterion compared to the other

criteria. The relative weightvi, using Eq. (38), is capable of quantifying the significance of a

criterion®d compared to other criterand to perform aggregation

W = , Wi ¢ [0, 1] (3-8)

B

Where
0 'Y'O"¥ the relative importance score of a given criterion and

B 0 Y'O'¥ the sum oRISfor the set of criteria being considered for aggregation.
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3.51.2. TOPSIS Application

Consideringthe most and least favourable distances for each criterion are considered
prerequisites to calculating the relative ellnsss index. First, the most favourable distance is
calculated using the Euclidean distea measure, as presented in. E&9) and 8-10),

respectively.
Y 0 w 0 w 0 YOY 0 YO~ (3-9)
Where:
"Y is the mosfavourabledistance ofy to the ideal positive ,
0 @ is the maximum normalized satisfaction €or
0 ® is the normalized satisfaction for,

0 'Y'O'Y isthe maximum relative importance scoredarand

0 'Y'O"¥ the relative importance score for

Y 6 ® 6 6 YOY6 YOV T (3-10)
Where:
"Y is least favourable distance @fto the ideal negative ,
0  is the normalizedatisfactiorfor ¢ ,
0 w is the minimum satisfaction for all criteria,
0 'Y 'O"% the relative importance score for and

0 'Y'O'Y is the minimum relative importance score for all criteria.

The relativecloseness index of a criteriol to the ideal positive (most favourable)

solution is then calculated in E@-{1), whered 600 . 1
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5 — (3-11)

A larger relative closeness index indicates that the criterion is locktserto its most

favourabléocationin terms of both priority and satisfaction

3.51.3. Prioritized Scoring Operator Calculation

After calculatingthe relative closeness, the prioritized scoring operator is calculated, as in

Eq.(3-12).

"Yo6 Y (3-12)

The highest ranked criterian a set of criteria considered fan aggregation operation is

assigned a value 0¥=1 (Yager 2004, 2008, 2009J he prioritized scoring operatoyris used to
adjust the original weight assigned to a given criterion as shown iI3H#8).(

0 Yz O (3-13)
Where:

0 is the adjusted criterion weight,

“Yis the prioritized scoring operator, and

0 is the relative criterion weight.

3.51.4. Weighted Aggregation Function

Once the prioritized scoring operatdofhas been determinddr the different criteriaa
weighted aggregation function is applied and thelpeaajusted weight® for the criteria are
applied using Eq.3(14).

O B 0 286 @ (3- 14)
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Where:
"0 is the weighted aggregation variable,
0 is the adjusted criterion weight, and

0  is the normalized satisfaction scale value for a critesion

The relationship between the evaluation of a higbeority criterion and successive
criteriais established through the incorporation of the prioritized scoring operator in the adjusted
criterion weight. The prioritized scoring operator considers the irapcet level and the
satisfaction level of the criteria considered for aggregation. The prioritized scoring operator thus
reduces the ability of lowegriority criteria to compensate for poor satisfaction of higbreority
criteriad even if lowerpriority criteria achieve higher satisfaction levels than highreority
criteria. The ability to establish this relationship between criteria through the application of
TOPSIS is the central feature associated with the applicatiorewfprioritized aggregation
presentedn thischapter

Juxtaposingthe new prioritized aggregation method using TOPS3tSother prioritized
aggregationmethod (Omar and Fayek 2015ahe presented prioritized aggregation exhibits
greatersensitivity towards lowepriority criteria asa result of the relative importance that the
different criteria possedseven with minor/no satisfaction of highpriority criteria If a higher
priority criterionis not being satisfiedoesnotlead to the full exclusion of subsequent criteria to
be excluded fromaggregation, but significantly decreaskdr effecton the overall aggregated
value. Other prioritized aggregationmethod (e.g., PrioritizedOWA) does not consider

subsequent criteria in the evéhata higherpriority criterionis ursatisfied.
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3.5.2. lllustrative Case Study (Crisp Environments)

Consider the following constructienelated aggregation problerA survey was conducted
on a construction site with all 19 tradespeople on site to metadure t r a degatuatiencop | e 6 s
the effect of different construction practices on construction labour productiVibe.
tradespeople identified four safetglated criterid unsafe work conditions, frequency of
accidents and personal injury, provision of protective gear stingent safety rulésas having

an effect on construction labour productivity; all fawe considered in this case study.

Two scalar valuegre assigned for each of the safiedlated criteriadentified throughthe
survey to capture the importance afgiven criterion relative to the others and the given
criterionds ef lamu prodativity @e, rsatisfactior) A sewvenpoint Likert
importance scale indicates to what extent a given criterion is important in relation to the other
criteria in the same category (this case, safetselated crite). Another seveipoint Likert
scale evaluates the effect of a given criterion on construletiimurproductivity.

The RISfor each ofthe four safetyrelated criteria is calculated using thrst scale (e.,

importance scalelising Eq. 3-7). For example, th&IS for the firequency of accidents and

personal injuryo criterion is calculated as

z z z z z z z

5 'Y'O'Y =0.96 (3-15)

The RISs for the remaining safetselated criteria are also calculated using Bg7) The

criteria are then reordered based on tRé8values as shown in Table43
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Table 3-4 RISfor SafetyRelated Criteria

Safety-related Criterion RIS
() Frequency of accidents and personal injury 0.96
(i) Unsafe working conditions 0.34
(i) Provision of protective gear 0.22
(iv) Stringent safety rules 0.10

Once theRISs for the different criteriarecalculated, a relative weight is derived for each

criterion based oits calculatedRIS For exampl e, tflequencyeflaccidentg e we i
and personal i njur $8,as:s cal cul ated using Eqg.
. 8
0 =0.59 (3-16)

8 8 8 8

The relative weights for the four safatlated criteria are listed ifable 35.

Table 3-5 Relative Weights for SafetiRelated Criteria

Safety-related Criterion Relative Weight
(i) Frequency of accidents and personal injury 0.59
(i) Unsafe working conditions 0.21
(iif) Provision of protective gear 0.14
(iv) Stringent safety rules 0.06

An averagevalue of the 19 responses is usedrépresent theffect of each of théour

safetyrelated criteria on constructidabourproductivity; the results are listed in Tal3®.
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Table 3-6 Mean SafetyRelated Criteria Effects on Construction Labour Productivity

Safety-Related Criteria AverageEffect on Construction
Labour Productivity
(i) Frequency of accidents and personal injury 0.85
(i) Unsafe working conditions 0.67
(i) Provision of protective gear 0.65
(iv) Stringent safety rules 0.59

After calculating theRISs and relative weights for the four safesiated criteria and
ranking them, TOPSIS is applied to calculate the prioritized scoring opévatas explained
earlie® for each criterion considered for aggregation. The application of TOPSIS defines the
degee of fulfilment each safetselated criterion has achieved, in terms of its relative

importance and effect on construction labour productivity, in relation to its most favourable

| ocati on. For exampl e, the pri ocidentsanz petlsonalc or i n
i njuryo is cal cul atpexdmitptais enast favoudale lbcatisn as showne r i o n
in Figure 31.

Relative
Importance Score

Most favourable RIS and effect
(Positive Ideal Sohition)

Criterion RISand effect

< Least favourable RIS and effect
“——(Negative Ideal Solution) Criterion Effect on Construction
Labour Productivity

Figure 3-1 TOPSIS Application to Calculate Prioritized Scoring Operfé@mar and Fayek

2015a)

As illustrated in Figre 3-1, the most favourableffect andRIS coordinate for the
Afrequency of accidents and. T Theeleast tavoardblefiest j ur y o

73



andRIScoordinate is (0, 0.10Accordingly, the positive and negative distance meaduordabe
Afrequency of accidents and |neqgss(@l7)aahd (318)j ur y o

usingthe Euclidean distancas presented iBgs (3-9) and 8-10), respectively.

Y p TR U o T @ =0.15 (3-17)

Y o Tt o T T =121 (3-18)

Next, a relative closeness index is calculated usingZEl).

§ —2——=0.88 (3-19)

Finally, the prioritized scoring operator is calculated using &42j.

"Y & z2"Y=1*0.88=0.88 (3-20)

Note thaequéecyi of accidents and personal
Accordingly, the subsequent <criterion fAunsafe
fact that it will not be fully considered in the aggregation process. Thistawdjosis carried out
using the prioritized scoring operator as described later in this section. 3-dblests the

prioritized scoring operator f@ach otthe four criteria.

74



Table 3-7 Prioritized Scoring Operator for Safetglated Criteria

SafetyRelated Criteria Ci 1 Foal
(i) Frequency of accidents and personal injury 0.88 1
(i) Unsafe working conditions 0.62 0.88
(iif) Provision of protective gear 0.57 0.54
(iv) Stringent safety rules - 0.31

The original relative weights dfhe safetyrelated criteria are then adjusted using the
calcul ated prioritized scoring operator. For
pertaining has an original relative weight of Ot@the set of criteriaHowever, since the higher
piority criterion Afrequency of accidents and
a prioritized scoring operator of 0.88ent he adjusted wei ghted f
conditionso i s 3d3laxiruHga®R1¢.d usi ng Eq. (

0 T&® @] p=0.18 (3-21)

The final stage of aggregation is to apply the weighted aggregation fuif@tioto
provide an overall value representing the four safegyl at e d coenbined eéfecti o 6 s
construction labour productivity. Tab®8 lists the adjusted relative weighis for the four

safetyrelated criteria.

Table 3-8 Adjusted Weights for the SafeBelated Criteria

Safety-Related Criteria T o
(i) Frequency oficcidents and personal injury 0.59
(i) Unsafe working conditions 0.18
(iif) Provision of protective gear 0.08
(iv) Stringent safety rules 0.02
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The weighted aggregation functit@w B 0 z 6 ® isused to provide an overall
aggregated value representing the four safelgted criteria. Accordingly, the aggregated value
for the four safetyrelated criteria is calculated by multiplying the adjusted weight for each
criterion by its normalized satisfi@n value (see Tabl8-6). The resulting aggregated value
becomes 0.59*0.85+0.18*0.67+0.08*0.65+0.02*0.59 = 0.68. This value represents the overall
opinion of tradespeople on the combined effect of the four sedkied criteria on construction
labour poductivity. An aggregated value of O indicates that safeligted criteria have no effect
on construction labour productivity, while an aggregated value of 1 indicates thatrebdtsyl
criteria havahe maximum effect on construction labour produdtivi

The presented methatescribes mew approach using TOPSIS for performing prioritized
aggregation that considers the importance and degree of satisfaction of each criterion. A
fundamental issue that relates to aggregation of criteria where a pedmngfationship exists
was modeled using TOPSIS. The presented method extends the earlier work presented by Yager
(2004 2008 2009,2011) for prioritized aggregation. This relationship ensures that the high
satisfaction of lowepriority criteria does notompensate for the low satisfaction of higher
priority criteria. The application of TOPSIS provides a means of developing a systematic
prioritized scoring operator dependent on both the relative importance of criteria and their

satisfaction.

The presentd prioritized aggregation method is extended to fuzzy environments as
described nextThe utilization of fuzzy numbers, linguistic label quantifiers, and fuzzy TOPSIS
is applied to consider the subjective nature of using linguistic tetheseby extendinghe

concept of prioritized aggregation using TOPSIS into fuzzy enviroranent
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3.6. A TOPSISBased Method for Prioritized Aggregation in Multi-Criteria Decision-

Making Problems in Fuzzy Environments (Omar and Fayek 2015b)

In many MCDMproblens, some of theriteria considered for the decision to be made are
linguistically measured and thus exhibit a considerable amount of uncertainty and imprecision in
their measurement. Additionally, these criteria are interrelated, and a prioritized relationship
exists baween them. The entire set of criteria is combined using aggregation to provide one
collective opinion. InsuchMCDM problems criteria undergoing aggregation can be divided
into: 1) imprecise criteria that are represented directly on a given linguisigcasc?) imprecise
subset criteria that are represented on a given linguistic scale. Following the first alternative, to
measure a customero6s satisfaction with the
could be captured through a given linguit sati sfacti on scal e r
unsatisfiedo to fiextremely satisfiedo. Fol l
are represented on a given linguistic scale and therefore require an aggregation process to
provide a collectie value that can be represented on the linguistic scale. For the same example
stated earlier, assume that the overall quality of the new bicycle is measured through three
interrelated criterid namely, safety, price, and warranty. In this case, the thresiar(.e.,
safety, price, and warranty) require an aggregation process prior to their representation as a

collective value of overall quality of bicycle satisfaction represented on the linguistic scale.

To begin with,this sectionprovides an overview dizzy set theoryfuzzy numbers and
the different characteristics of aggregating fuzzy numbers in MCDM prablEme application
of fuzzy relative importance scorg&RIS) fuzzy relative weight§FRW) and the fuzzy
technique fororder preference by similarity to ideal solution (TOPSIS)presentedas

prerequisites for performingfazzy prioritized aggregation due to their advantages in capturing
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the uncertainty and imprecision associated with linguistic measurefiBart$ossy etal. 1993;

Lee 1999) The application of fuzzy TOPSIS has been successful in various research areas such
as prioritization and optimizatiofChu 2002; Steuer 2004; Shih et al., 20Q/&X its application

in prioritized aggregations to be considereqPedycz and Gomide 2007; Omar and Fayek
2015a) Fuzzy TOPSIS is beneficial in this application, as it features a sound logic that
geometrically considers the relationship between interrelated criteria to account for the best and
worst alternative fuzzy enwronments Fuzzy TOPSIS also provides decision makers with the
ability to visualize the relationship between differurszy prioritized alternatives on at least any

two dimensiongYu and Xu 2013) Thus, in thissection fuzzy numbersand fuzzy TOPSISre
consideredo performfuzzy prioritized aggregatiothat iscapable of considering the prioritized

relationship between criterthat are measured using linguistic scales

3.6.1. Prioritized Scoring Operator Using Fuzzy TOPSIS
Prior to applying fuzzy TOPSIS, fuzzy set theory, fuzzy numbers and, characteristics of

aggregating fuzzy numbers for MCDM problems are presented.

3.6.1.1. Fuzzy Set Theory and Fuzzy Numbers

Fuzzy set theory was first presented by Zadeh in 1965. Zademdefd f u zacdasss et s
of objects with a continuum of grades of membemshipadeh 1965) These grades of a
membership range from zero to one, where zero indicates full exclusion of the object from a
given continuum and one indicates full inclusiohtbe object in a given continuum. The
application of fuzzy sets was recognized through previous researtchnaisnic human (e.,
particularly decision makers) judgment and reasofidagdossy et al. 199& arlssorandFullér

1996; Lee 1999; Wei 2009, 2012012)
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Fuzzy Numbers

Fuzzy numbers are subsets of fuzzy sets and are defined by membership functions. A fuzzy
number models an imprecise quantity represented linguistically by a rea.lineMCDM, a
fuzzy number I's used to represent the deci si
linguistic scale. A fuzzy number must satisfy at least three propéRedrycz and Gomide
2007)as follows:
1. Must be of a normal fuzzy sét this requrement means that there is at least one point in the

membership functionQ @ with a membership value of 1: su@w} =1 xf X.
Where
sup{Q w} is the supremum or the maximuie w

2. Must be boundedh fuzzy number is of a closed intervadl w [ [a, b], a, ¥ X

3. Must be unimodalafuzzy number must be represented by a monotonically non decreasing

function™Qw

Triangular membership functions have been commonly used in previous research to
represent fuzzy numbe(saarhovenand Pedrycz 198 Pedrycz1994; Lee 1999)Accordingly,
the application of fuzzy numbers represented by triangular membership funistifunsher
investigated here First, for a fuzzy number0 defined by a triangular membership
function® ¢, a triplet ¢ hé , & ) defines its location on &al line X. Accordingly,

"® w can bedefinedas shown irEq. 3-22).
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The function principle introduced by Chef1984) preserves the original type of

membership function and simplifies the arithmetic operations of fuzzy numbers. Accordingly,

the function principal is considered define the basic operations considered betwasgrtwo

triangular fuzzy number§ and® . Each fuzzy number idefined by triplets:d h& , & )

and € hd , & ) respectivelyNagoor and Mohamed 201%uzzy arithmetic can therefore

be caried out as demonstrated in€E(B-23) to (3-26).

Addition
o0 $0 wﬁoow]s (I)F\(I),(I)]z[(b+(b,(b+(b,(b+db]

Subtraction

0 S0 wﬁoow]s (I)F\(I),(I)]z[(b O ,0 O ,® @ ]
Multiplication

0O SO (bﬁ(b,(b]é wﬁww]z[wwwwww]
Division

— i EA—h—Fh— F—H ABRF—R—h—)

(3-23)

(3-24)

(3-29)

(3-26)

Following the application of fuzzy arithmetic, main characteristics of aggregating fuzzy

numbers in MCDM problems is presented next.

Characteristics of Aggregating Fuzzy Numbers in Muffiriteria DecisionrMaking Problems

When aggregating fuzzy numbers in MCDM probgerthe result of this aggregation

requires maintaining a set of characteristics that are relevant to the decision to be made. For

example, if all decision makers provide the same evaluation for a gradslem, then it is
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expected that the result of aggregating the associated fuzzy numbers would be the common
evaluation provided by the decision makers. Accordingly, six main characteristics are,defined
previous researcfBardossy et al. 1993; Lee 199 for the aggregation of fuzzy numbers in
MCDM problems. These properties may or may not be desirable in prioritized aggregation

operatorgBardossy et al. 1993uch as the ordered weighted average (O\WAper 1988)

Agreement preservation

This property is a consistency requirement that ensures if all decision makers provide the
same evaluation, then the aggregated result should be the common evakatiargroup of
decision makers evaluating a criterion if the evaluation of each dision maker is identical

and represented by a fuzzy numberthen the aggregated fuzzy numberesulting from the

aggregation of all decision makers for criteribron the real lineXis illustrated by Eq.3-27).
0 0,0¢X (3-27)

Order independence

This property ensures that the order of aggregation of the set of interrelated criteria does
not matter. For a set of fuzzy numbers denoteddbix] é © ], the result of aggregation does
not depend on the order tife criteria evaluation by the decision makers, as in 88\ where

if T is the aggregation operator of an ordered group of fuzzy numbers, then

~ e ~ e

TO M é 0)=T(OM é 0),0¢X (3-28)
Note thatn the case of aggregation with a set of interrelated criteria that have a prioritized
relationship between them, this property is not satisfied since the aggregation of fuzzy numbers

in prioritized aggregation is ordelependenfYager 1988, 2004, 2008, @9, 2011)
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Transformation invariance

This property ensures that the transformation of the outcome space does not affect the
results as illustrated by EB-29), where iff is an invertible, continuous mapping on the real line

X, then

T(D FQOé "B )=f(YO D é §)),0¢ X (3-29)

Possibility conservation

This property implies that if a fuzzy number is considered as an evaluation value for a
criteriond , then it should remain as a possible overall evaluation value forgtregation

output according to Eg3(30).

"Q0 @ > 0 implies thatQow > 0 foro ¢ X (3-30)

Possibility interval conservation

This property implies that any fuzzy number in a space of possible outputs is also

considered as a possildggregation output according to E&-31).

Z 0 PohooX (3-31)
Individual versus overall uncertainty

For an uncertainty measure denoted®y ), the wuncertainty of
evaluation represented by a fuzzy number is defined as the area under its membership

function, as illustrated by Eq332).

06 . D ®Q® (3-32)
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For example, if the decision makers have comparable backgrounds and knowledge, then
the aggregated value of criteria basech t he deci si on makéos d eval
i 600 , wheref 6 0 is the supremum or the maximu@o). Conversely, if the
decision makers have widely diverging backgrounds and knowledge, then the aggregated value
ofthecri teria based on the decO®i bat®makimiys 6 eva
i f an faverageodo uncertainty isQe€@nsDdered, t

i 60 ), whereQe@O is the infimum or theninimum™O 0) (Bardossy et al. 1993)

Now that fuzzy numbers and their characteristics in MCpidblemsare presenteda
description of thepplication of fuzzy TOPSI®r prioritized aggregation in fuzzy environments

is presentedext

3.6.1.2 Criteria Ranking and Weight Determinationin Fuzzy Environments

The first step in the proposed method is to establish and quantify the prioritization
relationship between the criteria considered for a prioritized aggregation in MCDM problems.
The criteria consided in the MCDM problem are usually measured by means of linguistic
scales and thus encompass a considerable amount of uncertainty and imprecision in their
measurements. Accordinglgfuzzy relative importance scorERIS) is calculated to account for
the uncertainty and imprecision associated with the use of linguistic measurementTdtales.
Al earn wei gdppreachtiescoibed edirbiet ia this chapter applied in the presented
prioritized aggregation method pwioritize criteria andgenerateelative weights for the criteria
considered for aggregatiomhe FRISis used in the method presented in this paper to prioritize
and rank the different criteria and generafazzy relative weightKRW) (Bardossy et all993)
for each criterion. Furthermore, th&RIS is considered as an attribute in the fuzzy TOPSIS
application to generate the prioritized scores for the different criterexpdaired earlier.
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For calculating thé=RISandFRW, a linguistic scale withw alternatives is assigned for
the set of predefined criterta A set of alternativeso whB o represents the different
ordered priority levels that a given criterion can have. The set of alternadvebtained from
the linguistic importance scale are each represented by a triangular fuzzy number with
membership function® @ (Laarhovenand Pedrycz 1983edrycz1994; Lee 1999)For
exampl e, a |linguistic I mporenaenlcye uwncianhpap rit amg i
Afextremely importanto, i's assigned to determ
compared to other criteria. Accordingly, thRIScan be calculated for a given criterion as in Eq.

(3-33):

"010°Y > ¢ > ¢ (3-33)

z § §8S8

Where:
¢ is thenumberof respondents who chose an importance alternative

w is the linguistic importance scélesach linguistic scale value is represented by a triangular

fuzzy number

The application oFRISpr ovi des a reliable approach to c
in determining a given crit er(@nanaddsFayek2plda)t anc e
The relative importance of the criteria, measured byFRES of each criterionis thenused for
ranking the criterigd Grzegorzewski2004) Additionally, the application oFRIS enables the
guantification of aFRW for each criterion compared to other criteria. The calcul&fRw is
capable of quantifying the significance on the overall aggregated value of a criterion

0 compared to other criteria in the same category, and is calculated as3m3Bg. (
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FRW =

- (3-34)

Where:
"O'Y "Qstthe fuzzy relatie importance score for a criterian

B "OY ®@'the summation of fuzzy relative importance score for all criteria

Once the=RISandFRWfor the different criteria is calculated, fuzzy TOPSIS is applied to

calculate a prioritized scoring operator. First, fuzzy TOPSIS is presented.

3.6.1.3. FuzzylTOPSIS Application

Fuzzy TOPSIS is a systematic method that enables the evaluation off @r#efia using
distance measures, where each criterion is measured against its fuzzy positive ideal solution
(FPIS) and fuzzy negative ideal solutidNIS). Using fuzzy TOPSIS in MCDM aggregation
problems is advantageous as it provides decision maktérshe ability to geometrically define
the relationship between different prioritizedteria throughfuzzy distance measures, on at
least any two dimensions. Fuzzy TOPSIS features a simple and effective computational process
where each interrelated w@tion takes into account the positive and negative fuzzy ideal

solutions respectivel§Chen 1984; Shih et al. 2007)

For a criteriord , in a categoryO, represented by a fuzzy numlier, the calculation steps
for fuzzy TOPSIS to determine the most and least favourable fuzzy distances for this criterion

are considered prerequisites to calculating the closeness coeffitiénfor a criteriono .

TheFPISin a categoryO is calcuated using Eq.3-35), and is expressed as a triplét ( h
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0 0 Owd hd B (3-35
TheFNISin a categoryO is calculated using Eq3{36), and is expressed by a tripléi ( h

6 0 Q6 ho B (3-36)
The positive distancéQ and negative distanc&® arecalculatedespectively, as in B3(3-

37) and @3-39).
Q B Qo6 (3-37)
Q B Qo6 (3-39)
Where:
Q06 isthe distance between a criteriénand itsFPIS

Q0O M s the distance between a criterionand itsFNIS

Several normalized distance measures are presented in previous ré€Searglable 2).
Normalized distance measures are used to avoid a situation where criteria with greater levels of
satisfaction values dominate those of smaller val({@sar and Fayek 2015aj0f these

measures, the Euclidean distarscthe most commonly usedethod as $ited in Table 2.

Finally, a closeness coefficieatdis calculated as follows:
0600 —— (3-39
The closeness coefficiend 6 measures the location of a criterionto its ideal positive

location, wherat 0 0 p. It is important to note that a largérdindicates that the criterion
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is located at a closer distance toRRIS To illustrate the application of fuzzy TOPSISing one
of the distance measures, we present the following example usiBg¢hdeanmethod. Assume

three fuzzy triangular numbers represented by triplets ,ae, ando .

0 1] b® §r® mrepresents the criterion whose distance fronFRES andFNISwe are

trying to measure
0 (0.75, 0.88, 1.00) represents frelSfor criteriono
0 (0.00, 0.13, 0.25) represents fARISTor criteriono

The distance between criteriorand itsFPISis denoted b2 and is calculated using E@-(
40).

Q - TU U TWY TY T pdim =050 (3-40)

The distance between criteriorand itsFNISis denoted by and is calculated using E@®-(
417).

Q - T UL TBUT ™Y T o M v =025 (34)

Finally, thed dis calculated Eq.3-42).

8
8 8

00 =0.33 (3-42
The calculated closeness coefficie@C)j represents the relative closeness of criteton
towards itsFPIS or, in other words, the extent to which criteridns satisfied compared to its

most favourable level of satisfactioAfter applying fuzzy TOPSIS, the determination of the

fuzzy prioritized scoring operator is calculated as presented next.
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3.6.1.4. FuzzyPrioritized Scoring Operator Calculation

In orderto aggregate the different criteria into one collective value, a prioritized sadre (
is required. Fuzzy TOPSIS is employed to generatéWHer the criteria considered for
prioritized aggregation. ThéY determines the degree to which a givertedon is located
relative to its most favourable level of satisfaction. THFRIS and satisfaction levelsare
considered as fuzzy coordinates (each represented by a fuzzy number) in the course of applying
fuzzy TOPSIS to generate th¥ The positive ath negative distancéQ andQ for a criterion
0 are first calculated using Eq3-87) and 8-38), respectively. Then, the §is generated using
Eq. 3-39) to determine where a criterion is located relative to the most favourabBlelSand
satisfaction levelt can achieve in a given categd® and to the least favourabFRIS and
satisfaction levelt can achieve in the same categ@y The calculated 6is then used to
generate théYforadj ust i ng t he pgRWuwsing Bg.i8-22 An adjusted FRWi on 6 s

is calculated using Eqg. {&3)

OYd  YS OYa (3-43

Where:
OYwi s the adjusted criterionds fuzzy relative
"OYwst he criterionodés fuzzy relative weight

Oncethe new adjusted weightSOY w are calculated, an aggregation operator is used to

provide a collective value representing the different criteria as described next.

3.6.1.5.Weighted Fuzzy Aggregation Fundion
Once the different prioritized scores have been calculated for the different ordered criteria

and the new weights have been generated, a weighted aggregation oferpioFPWA
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operator)can be used to provide a collective value representindifieeent criteria. Depending

on the choice of the weighted aggregation operatee Table 3-1), the aggregated value
representing the different criteria considered is generated and is also expressed as a fuzzy
number to account for the uncertainty angbiecision associated with using linguistic measures

in evaluating the different criteri&q. (343) shows the calculation of the aggregated value using

the FPWA.
00 O OYWS Y § OYws Y § 88§ 'OYWS Y (3-44)
Where:
"O'Y wis the adjusted weight for a criterign
"Y is thesatisfaction levelor acriterion6

The presented method establishes a dynamic relationship, through the application of fuzzy
TOPSIS, to include the level of satisfaction of higher priority criteridne overall aggregation.
This relationship is defined through the geation of a prioritized scoreY that is a function of
bot h t h e FRiSanditsesatisfactioi@\el. The generated prioritized scoréis then used
to adjust the diffenat criteria when performing the prioritized aggregation based on their
importance and level of satisfaction. In the next sectioa,illustrativecase studydescribed
earlier in this chapteris presentedout considering the imprecision associated witing

linguistic terms to measure the criteria
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3.6.2. lllustrative Case Study (Fuzzy Environments)

For the illustrative case study presented earlier in this chdables 3-9 and3-10 present
symmetric triangular fuzzy numberspresenting thdifferent linguistic importance andmpact

scales respectively

Table 3-9 FuzzyNumbersRepresenting.inguisticImportanceScale

Importance Triangular Fuzzy Number
Extremely unimportant (0.00, 0.14, 0.29)
Unimportant (0.14, 0.29, 0.43)
Slightly unimportant (0.29, 0.43, 0.57)
Neither unimportant nor important (0.43, 0.57,0.712)
Slightly important (0.57,0.71, 0.86)
Important (0.71, 0.86, 1.00)
Extremely important (0.89, 1.00, 1.00)

Table 3-10 FuzzyNumbersRepresentind.inguisticlImpactScale

Impact Triangular Fuzzy Number
Extremely low (0.00, 0.14, 0.29)
Low (0.14, 0.29, 0.43)
Slightly low (0.29, 0.43, 0.57)
Neither low nor high (0.43, 0.57,0.71)
Slightly high (0.57,0.71, 0.86)
High (0.71, 0.86, 1.00)
Extremely high (0.89, 1.00, 1.00)

First, the FRIS is calculated based on the number of redpots who completed the
survey.For thefiunsafe working conditiomscriterion, theFRISis calculated using Eg333) as

demonstrated in Eq3{45).

0Y0Y
§ 8hs hs s s 8 hg hs &
8§ B8hsahg s 835 8hs hg § 85 B8hshs § 835 8 hshs § 85 8 hs hs
8 he hg § 8 hsa hs § 8hs hs § 8 hsa hea § 8 ha h8 § 8 hea hea § 8 hs hs

OoY'0OYm8 @ & X. (3-45)
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Table 311 presents thERISfor each safetyelated criterion. Figur8-2 presents th€RIS

for each safetyelated criterion graphically.

Table 311 FRISValues forSafety-RelatedCriteria

Safety-Related Criteria FRIS

Frequency of accidents and personal inju (0.66, 0.81, 0.95)

Unsafe working conditions (0.46, 0.61, 0.77)

Provision of protective gear (0.34, 0.48, 0.62)

Stringent safety rules (0.21, 0.35, 0.50)
e e
% 0.80 - (i) Unsafe working
g 0.60 conditions

‘ == (iii) Provision of protective
S 0.40 - gear
g) 0.20 - / e (jv) Stringent safety rules
g 0.00 . T FRIS

0.30 0.50 0.70 0.90

Figure 3-2 GraphicalRepresentation of FRIS Values for Saf®glated Criteria

Once theFRISfor each criterion is calculated, tRRWis calculatedusing Eq. 8-34). For

funsafe wor kithmegRWscacdlated accardngly in EB-46).

OY 6 8 hgd hs
8 ha8 ha8 § 8 h8 ha8 § 8 hsa ha § 8 h8 hs

OYw 1 e i o (3-46)

Table 3-12 presents th&RWfor each ranked safetglated criterion (based on tR&RIS
values presented in Tab811). Figure3-3 presents th&RW for each safetyelated criterion

graphically.

91



Table 312 FRWValues forSafety-RelatedCriteria

Safety-Related Criteria FRW
Frequency of accidents and personal inju (0.23, 0.36, 0.57)
Unsafe working conditions (0.16, 0.27, 0.46)
Provision ofprotective gear (0.12, 0.21, 0.37)
Stringent safety rules (0.07, 0.16, 0.30)
= (i) Frequency of accidents
1.00 - and personal injury
% (i) Unsafe working
g 080 conditions
g 0.60 - == (iii) Provision of protective
= gear
© 0.40 1 e (iv) Stringent safety rules
%) 0.20 A
2 .00 . . . . . FRW
0.00 0.20 0.40 0.60 0.80 1.00

Figure 3-3 Graphical Representation BRWValues for SafetyRelated Criteria

Once theFRW values for the different safetglated criteria are calculated, the average
decision makersodé i mpact s c o elated c(itéri@labla3d-18 cal c L

|l ists the average deci srelatedcrimaok.er sd6 scores for

Table 313 AverageDecisionMa k e-DerivedImpactScores

Average Effect on Construction Labour

Safety-Related Criteria -
Productivity
Frequency of accidents and personal injury (0.49, 0.64, 0.78)
Unsafe working conditions (0.64, 0.79, 0.92)
Provision ofprotective gear (0.62, 0.76, 0.89)
Stringent safety rules (0.85, 0.99, 1.00)

The two sets of scored=RIS and IS) are considered as fuzzy coordinates; each is
represented by a fuzzy number. Fuzzy TOPSIS is applied to determifi¥ ted generate the

adjusted=RW1to be used with the prioritized aggregation operator.

92



First, each criterion is measured againstiBIS and FNIS The FPIS for the four safety
related criteria is calculated according to E3337), with the result thad = [(0.85, 0.99, 1.00),
(0.66, 0.81, 0.95)]. ThENISfor the four safetyrelated criteria is calculated according to B3. (

38), with the result thad  [(0.62, 0.76, 0.89), (0.21, 0.35, 0.50)].

For thefiunsafe working conditiomscriterion, the fuzzy gordinatesrepresenting impact

score andFRIS respectively arg(0.64, 0.79, 0.93), (0.46, 0.61, 0.77)]. The positive distance

‘Q and negative distanc&) are calculated following thEuclidianmethod in Eq.43-37)
and @-38), respectively. The pds/e distance calculation is illustrated by Eq-43 and the

negative distance calculation by E:43).

Q - TT U T W T T8O pEMT - T8 T®e TP TP T X TEU

(3-47)

The result of this calculation indicatéatQ ] @

Q - T . T e TR e - T TP TP WU T T®T
(3-49

The result of this calculation indicates tat 18t p

Next, using Eq.3-39), aCC for Aunsafe working conditiomsis calculated irfEq. 3-49).

8

(OJN0) P

= 0.04 (3-49)

The CCfor each of the four safetglated criteria is listed in Tab814.
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Table 314 CC Values forSafety-RelatedCriteria

Safety-related criteria CC
Frequency of accidents and personal inju 0.15
Unsafe working conditions 0.04
Provision of protective gear 0.01
Stringent safety rules 0.05

Forthefluns af e wor ki cnitgriong thefiYdand ddjosted @ 7are calculated
using Eq.s%-12) and @-43), respectively. ThéYis calculated in Eq.3-50) and theX 2 7in Eq.

(3-51).
"Y=1*0.15 = 0.15 (3-50)
"OY 6= 0.1% (0.16, 0.27, 0.46) = (0.02, 0.04, 0.07) (3-51)

The "Y and adjusted"O'Y aralculatedfor the four safetyelated criteria is presented in

Table3-15. Figure 34 presents graphically thee 2 7for each safetyelated criterion.

Table 3151; and"OY wValues forSafety-RelatedCriteria

Safety-Related Criteria 4. 3 d
Frequency of accidents and personal inj 1.00 (0.23, 0.36, 0.57)
Unsafeworking conditions 0.15 (0.02, 0.04, 0.07)
Provision of protective gear 0.00 (0.00, 0.00, 0.00)
Stringent safety rules 0.00 (0.00, 0.00, 0.00)

94



(i) Frequency of accidents an

o 1.00 personal injury
= - .
7] === (ii) Unsafe working
o 0.80 conditions
é 0.60 === (jii) Provision of protective
Z 0.40 gear .
P (iv) Stringent safety rules
© 0.20
= .
8 0.00 Adjusted FRW
0.00 0.20 0.40 0.60 0.80 1.00

Figure 3-4 AdjustedFRWfor SafetyRelated Criteria

The poor satisfaction of higher priority criterififrequency of accidents and personal
injuryo and funsafe working conditiomshas reduced the ability for compensation by lower
priority criterion fprovision of protective gear and stringent safety rules the overall
aggregated value. This reduced ability for compensation by lower priority criteria was
emphasized in the adjust&lRW values forfiprovision of protective gear and stringent safety

r u l, asglisplayed in Tablg-15and Figure3-4.

The FPWA s used to combine the four safeglated criteria into one collective value
representing the impact of the four safetated criteria on construction labour productivisy a
shown in Eq. ($2).

00 wd TR O @ xS T8 ety ¢ § 18 gt Tt x §

™ T oo § Bt iiding 1 % @ w$ 18 frdt st 1is

T brdo Gp8t Tt
00 w6 TP O e p. (3-52)

The aggregated value for the effect of safetated criteria on construction productivity
can be presgedas a fuzzy number as shown in E§3 This valué also shown in Figuré-

49 presents the overall aggregated impact of safdfted criteria on construction labour
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productivity. It can be observed in Figu8es that the use of a fuzzy number has ceguiuhe

uncertainty and imprecision associated with the use of linguistic measures of the impact of
safetyrelated practices on construction labour productivity. The aggregated value in this case
study can be related to more than one linguistictermrgngii r om fAextr emel y | 0\
| ow nor higho. The relationship between the a

can befurtherdetermined using a distance measure (e.g., fuzzy similarity measure) to determine

to which linguistic term theggregated value correspods n t hi s ca(legand t i s
Yang 2004)

2 1.00 Extremely low

ﬁ 0.80 Low

£

g 060 ——— Slightly low

§ 0.40 Neither low nor high

§ 0.20 = = = [Fuzzy aggregated value

a

0.00 Overall safety-related criteria impact

0.00 010 020 030 040 050 060 070 0.80 0.90 1.00 On construction productivity

Figure 3-5 Overall Aggregatedafety-RelatedCriteria Impact onConstructionProductivity

On the other handhé aggregated value can, further, be defuzzified to providesp
value representing the impact of safetlated criteria on construction productivity.
Defuzzifying the value obtained in Eq.-§3) using a defuzzification method, such as the
centroid methodyields a crisp value of P8. This single crisp value peesents the combined
opinion of decision makerfor the impact of the four safetglated criteria on construction

labour productivity. A defuzzified aggregated value of O indicates that safeted criteria

96



have no impact on construction labour pradity, and a defuzzified aggregated value of 1

indicates that safetselated criteria have a high impact on construction labour productivity.

It can be observed that the consideration of the linguistic nature of the scales has reduced
the overall priorized aggregated value from one crisp value 0.68, as presented in the first part of
this chapter (i.e., subheading 3.5.2) to 0.28. This variance is a result of the subjective nature of
the measurement scales used for quantifying the impact of safetgdcriteria onconstruction

labour productivity

3.7.Concluding Remarks

This chapter presentsraew prioritized aggregation method that relates to the fusion of
information (i.e.,criteria) in crisp and fuzzy environment$o provide sufficient background,
different methods and classifications of aggregation functicere describedand properties of
aggregation functionwereexplained. A fundamental issue that relates to aggregation of ¢riteria
where a prioritized relationship exists modeled using TOPSIS. The presented method extends
the earlier work presented by Yad&e88, 20042008 2009 2011 for prioritized aggregation.

The presented prioritized aggregation method using TOPSIS considers the relative importance of
a criterion with respect to other criteriaand its satisfaction relative to the most favourable
satisfaction thait can achieve. This relationship ensures that the high satisfaction of- lower

priority criteria does not compensate for the low satisfaction of higherity criteria.

The presentedew prioritized aggregation method is extended to fuzzy environments. This
extension to fuzzy environments prowsce way for capturing and representing the uncertainty

and imprecision associated with the use of linguiséiens, by expressing them as fuzzy
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numbersrather tharthe use ohumericalvalues This extension assists in solving aggregation
related problems in fuzzy environmedtsuch as MCDM problendsthat require the
consideration othe prioritized relationshigand satisfaction leveldetweenthe different criteria

that are expressed linguistically and are considered for aggregation.

The newprioritized aggregatiormethod, presented in this chapter, is usegrmuce
informative evaluation of the different projezimpetencies on the higher hierarchical level (i.e.,
project competency level) rather than the lower hierarchical levels (i.e., evaluation criteria of
project competencies) as presented in chapter two of this thesis. This reduction of the number of
variafbes (i .e., 41 project competencies rather t
is complemented by a new fuzzy feature extraction method to produce inputs {patigar

AND/OR fuzzyneural networksis presented in the next chapter.
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CHAPTER 4.7 A Fuzzy Hybrid Intelligent Model for Evaluating
Construction Project Competencies and Their Relationship to Project
Performance?

4.1. Introduction

Despite the suitabilityof applying the principals of fuzzy logic in developitgghly
interpretable constructiosystems systems that are based on fuzzy logic alone are limited,
mainly due to their lack of learning capability and their inability to retleethigh complexity b
some model structuresThese shortcomings in fuzzy logrequire combining it with other
modeling techniques. Btombination obneor more modeling techniquesth fuzzy modelsn
a single model is referred to aduzzy hybrid model For example, incorporating the learning
capability of artificial neural networks (ANNs)nto fuzzy models can be achieved through
hybridization (Jang, 1993 Hawas, 2004; Mahabir et al., 2006; Yu et al., 20@édrycz and
Gomide 2007Li et al.,2009; Yu ad Skibniewski, 2010; Pedrycz 2014; Omar and Fayek 2015)

Hybridization of fuzzy models with other techniques, suclartificial intelligence
techniques has improved the learningapability of fuzzy logic-based model¢Gupta 1994,
Pedrycz and Gomide 200Pgdycz 2014) The principal mechanism by which fuzipgic-based
models have been hybridized focuses on optimization. Using data and other artificial intelligence
techniques, the different parameters of fuzzy Hmfised models are optimized; thereby
providing a learning cambility, improving model interpretabilityand making the developed

fuzzy hybridmodels more intelligent.

! Parts of this chaptdrave beesubmittedfor publication in Journal of Automation in Constructi@mar, M. and
Fayek, A.Robinson(2015). fiModeling and Evaluating Construction Project Competencies and Their Relationship
to Project Performanade Manuscri pt, 53 pages.
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As described earlier in chapter two of this thesis, projeatpetenciesare difficult to
groupand measure due to the multidimensional and subjective nattlreiicissessmeniroject
competencies exhibit subjective assessments that cannot be expressed by traditional numerical
approaches (Fayek 2012fapturing themultidimensional and subjectiveature of project
competencies evaluation requires the utilization of fuzzy logic (i.e., capture subjective human
reasoning in measuring and evaluating project competenciesyt#mal neural networks (i.e.,
improve fuzzy logic models by incorporaityNNs 6 capacity for mappi
relationship between project competencies and project KPIs by learning from actual data sets).
The application of fuzzy hybrid intelligent models will better evaluate project competencies and
guantify the nonlinearelationship between project competencies and project KPIs.

For evaluating mject competencies antheir relationship toproject KPIs, a new fuzzy
hybrid intelligent modetonsideringthe new prioritized fuzzy aggregation, presented in chapter
three of tlis thesis, a new fuzzy feature extraction technigod a granular AND/ORfuzzy
neural networkis presentedn this chapter. The presented fuzzy hybrid intelligent model is
capable of identifying and quantifying the relationship between project compsteénciee v al uat i

criteria and project KPls

4.2. Overview of the Fuzzy Hybridintelligent Model Processing Units

The fuzzy hybridintelligent model, presented in this chapter, is divided into three main
processing units namely; 1) Information fusion proregsnit. An information fusion is carried
out using the new fuzzy prioritized aggregation method presented in chapter three of this thesis.
2) Dimensionality reduction processing unit. A new fuzzy feature extraction technique is applied
to perform anintermediate grouping and structuring of project competengidditionally, the

ranking of the different project competencies within a given group is realized. The application of
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the new fuzzy feature extraction technigeeluces the projecompetenes into fewer fuzzy

factor groupssuitable for modeling while preserving their fuzziness. 3) Granular AND/OR
Fuzzy neural netwosk(Pedrycz and Gomide 2007; Pedrycz 2014) processing @ratular
AND/OR fuzzy neural netwosk are used to identify the relatioship between project
competencies, expressed by fuzzy factor groups, and project KPIs. Granular AND/OR fuzzy
neural networks are transparent and traceable constructs thatidlaansg andprediction
capabilities (Gupta 1994,Pedrycz and Gomide 200PRedrez 2014) and are capable of
admitting formalism in modeling nelmear relationships between inputs and outgBsdrycz
2014). Figure 4 displays the structure (i.e., processing units) offtizey hybridintelligent

model.
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5. Calculate fuzzy factor group using
prioritized fuzzy aggregation results
and factor groupsdcoefficients

1. Apply new prioritized fuzzy
aggregation method to aggregate
project competenciesdevaluation

criteria on the higher hierarchical level
(i.e., project competency level) rather
than the lower hierarchical levels (i.e.,
project competenciesbevaluation
criteria)

A

6. Tabulate data sets
(i.e., fuzzy factor
groups and project
KPIsfor each project) /
for processing in the
granular AND/OR
fuzzy neural networks

4. Calculate the factor groupsd
coefficients using factor analysis (i.e.,
factor loadings)

A

3. Apply factor analysisto evaluate
the correlation relationship
between project competencies and

7. Optimize networks structure
using an iterative process (Pedrycz
and Gomide, 2007)

generate factor groups

2. Defuzzify project
competenciesto
perform factor analysis

A

8.Train, test and validate the fina
networks.

1. Information Fusion
Processing Unit

2. Dimensionality Reduction
Processing Unit
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3. Granular AND/OR Fuzzy
Neural Network Processing
Unit

Figure 4-1 Fuzzy Hybrid Intelligent Model Processing Units




The fuzzy hybrid intelligent model units perform the analysis as follows. First, the data
collected from construction projects is tadbul e d . The project competenc
are combined using the new fuzzy prioritized aggregation method described in chapter three of
t his thesi s. The fuzzy prioritized aggregat
evaluationn the higler hierarchical level§.e., project competendgvel) rather than the lower
hierarchical levels (i.e., project competendiesaluation criteridevel) for each respondent
Second, the results of the fuzzy prioritized aggregation method are defuzidiedhe
application of a dimensionality reduction technique (i.e., factor analysis). The dimensionality
reduction technique identify a set of fewer factor groups that represents the different project
competencies and calculate coefficients representingptfiteibution of each project competency
towards the factor group it belongs to. Third, the calculated coefficients, using factor analysis,
are used jointly with the project competenci e
fuzzy factor grops. Finally, the calculated fuzzy factor groups and project KPIs are used jointly
in a granular AND/OR fuzzy neural network to identify and quantify the relationship between
project competencies, expressed by fuzzy factor groups, and project KPIs. Addetadtview

of each of the fuzzy hybrid intelligent model processing units is presented next.

4.2.1. Information Fusion Processing Unit: New Prioritized Fuzzy Aggregation Method

As described in chapter two of this thesis, a methodology for project corojestemd
project KPIs evaluation and data collection is first applied to collect project competencies and
project KPIsfromc onstructi on projects. Project compete
project personnel across the different construcpoojects, are collected using a stratified
random sampling approat¢t achieve a 10% margin of error and 90% confidence intefved

collected data is, therefore, suitable for representing project competencies on the project level.
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Once data collectiorsicomplete, the following four steps are considered for calculating overall

project competenciesd evaluations:

1. Step one: Use all respondents (ifeom construction projects) importance scores to generate
a fuzzy relative importance score for each ewvsbuacriterion used to evaluate a project
competency.

2.Step two: Rank the different project compete
competencies.

3. Step threeCalculateoverall project competenciésassessentson the higher hierarchical
levels (i.e., project competency levelather than the lower hierarchical levels (i.e., project
competencigs evaluation criterialevel) for each respondent using the prioritized fuzzy
aggregation method presented in chapter three of this thesis.

4. Step four: Calculate an average project competency value based on all respprajeats

competencieg®evaluatons for a given project.

The previous four stegsroduce annformative evaluation, based on the stratified random
sampling and the new priodtd fuzzy aggregation method, explained in chapter three of this
thesis, for the different project competencies on a construction project. Following this reduction
in the number of variables (i.e.1 froject competencies rather than 248 project competend
evaluation criteria), a new fuzzy feature extraction technig@pplied to cluster and group the
projectcompetenes into fewer fuzzy factor groumsiitable for use in the granular AND/OR

fuzzy neural network as described later in this chapter.
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4.22. Dimensionality ReductionProcessing Unit: New Fuzzy Feature Extraction Technique

Dimensionality reduction techniques have beately used for visualizatiomnd analysis
of high-dimensional data set$o overcome the curse of high dimensionality of data.
Dimensionalityreductiontechniqueseduce the number of variables considddanalysis and
modeling In general, @nensionality reductiortechniques functions either by transforming the
existing fatures to anew reduced set of features or by selectisglaset of the existing features
(Devijver and Kittler 1982; Kumar 2009; Alroomi et al. 201Two main categories of
dimensionality reduction techniques are presented in previous research namely; 1) Supervised
dimensionality reductiottechniques and, 2) Unsupervisdichensionality reductiortechniques.
Superviseddimensionality reduction techniquegquire a training set with the class label
information to learn the lower dimensional representation according to some criteria and then
predict the class labels on unknown ddtasupervised dimensionality reduction techniques
project the original datto a new lower dimensional space without utilizentraining se{Kumar
2009). Each of the abovementioned techniques is further classified based on the processing
approach. Examples dfimensionality reductiotechniques areatent Semantic Indexing (LSI)
truncated SVD Independent Component Analysis (IGAfFactor Analysis (FA) Principal
Component Analysis (PCAXanonical Correlation Analysis (CCAInd, Linear Discriminant
Analysis (LDA) (Dumais 2004; Comon 199#tyvarinenet al., 2004Thompson2004;Izenman

2008).

One of the most commonly used methods in dimensionality reduction techniques is factor
analysis Rencher 2002Thompson 2004; Costello and Osborne 20DEstefano et al. 2009
Alroomi et al. 2011)Factor analysiss a featureextractionmethod thatreduces the number of

variables (e.g., projecompetenciesnto a smaller number of factor groups
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One essential aspect in conducting a factor analysis is determining an adequate sample
size. A study was conducted Bypstello and Osborne (2006) determine the minimum sample
size required for performing factor analysis. A ratio representing the number of variables (e.g.,
project competencies) and number of data points, known as stdsjean ratio, was used for
comparative purposed\ large percentage of researchasgre repored to usefactor analyses

with relatively smallsubjectto-item ratioas listed inTable 41.

Table 4-1 Current Practice in Factor Analysis (Costello and Osborne 2005)

Subject-to-item Ratio Percentage of Studies (%) Cumulative Percentage (%)

2:1 or less 14.70% 14.70%
>2:1, O5 25.80% 40.50%
>5: 1, O 22.70% 63.20%
>10: 1, C 15.40% 78.60%
>20:1, O1 18.40% 97.00%
>100:1 3.00% 100.00%

Costello and Osborn@005)review concluded thaiistrict rules regarding sample size for
factor analysis have mostly disappeavedCdstello and Osborne 2005, P4Additionally,
Costello and Osborngetermined that previous reseaf@sshown that adequate sample size is
partly determined by the nature of tresearch problem and type of data colledteabrigar et
al., 1999; MacCallurret al. 1999) rather than strict sample size requirements for performing

factor analysis.

Several commercial software packages are used to perform factor analysistiadisis
SPSS 22 is used to; 1) test the suitability of data to perform factor analysis, 2) perform factor
analysis to cluster and group the different project competencies into factor gmodps)
calculate associatelact or gr oups 06 iogotlefconiributioa ofteach pr@gestr e s e n

competency towards its factor group. Finally, fuzzy factor groups are calculated using the
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prioritized fuzzy aggregation results (i.e., information fusion processing unit) and the factor
groupso6 coef fnsianaliy retdustion(processing unit) io imeused for the granular
fuzzy neural network(i.e., granular AND/OR fuzzy neural netwsrkrocessing unit) described

later in this chapter.

4.2.2.1. Determination of Factor Groups Using Factor Analysis

For perforning the factor analysis, first, the results of the prioritized fuzzy aggregation are
defuzzified.The centroid method is one of the mostnmon defuzzification methodPedryz
and Gomide 2007)The centroid methodetermineghe centre of area oh given membership

function "Q w (i.e., fuzzy numberand is calculated as shown in E¢1(4

B z

o — (4-1)

Where:

of= defuzzified value using the centroid method

‘  ® = memlership degreef x

x = values representing the evaluation (i.e., project competency assessment)

The single value calculated from the centroid method is used to perform the intermediate

grouping and structuring of project competencies using factor analysis.

Second,eigenvaluesare determinedEigenvaluesare used to determine timeimber of
factor graps to beretained The mini mum eigenvalue criteria
(Alroomi et al. 2011) is the most commonly used method to determine the number of factor
groups to be retained. The Kaiser 0dargestrto t er i a

smallest and then selecting the eigenvalues greatedt@as the number of factor groups to be
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retained. The varimax rotation is used to maximize high correlations and minimize low
correlations. The varimax rotation method as commonly usedmethod to enhance the

interpretability of the factor analysis resulédroomi et al. 2011)

4. 2. 2. 2. Factor Groups6 Coefficients

Factor loadings (i.e., calculated aftke tvarimax rotation methdere used to calculate the
fact or gr ou pator loadingsfprfovide a mnkingsof theFlifferent variables within a
factor group. Additionally, factor loadings quantify the contribution of each variable, based on
the correlation relationship between variables, towards its factor group. Factor |cadinged
to derive factofegewalpdsaciberr hgthndsan dedcribedire f f
previous researcl{DiStefano et al. 2009)Th e i s umabosecapo €6 v al ueo
(Distefano et al. 20095 a commonly used methaad quantify the contribution of eactariable
(i.e., project competency) towards the factor group it belongs to. This method suggests that a cut
off value is first setusing the factor group loading calculated from the factor analysis. Rencher
(2002) suggests thatdtor group loadings less than +0.40 be removed because they are
considered insignificant for factor group interpretatidhen variables within a factor group
with loading values abovehe predefinedcut-off value (i.e., £0.40) are included in the
computatonof t he factor group coefficients. The
group are used to calculate the factor gro
calculated by dividing a factor loading of each variable infdotor group by the sum of the
factor group loadings of all variables within the same factor groupadvantage o&pplying
this method is thaa variablewith the highestactorloadingin a givenfactor groupwould have

the largest effect on éfactorgroup value
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4. 2. 2. 3. Fuzzy Factor Groupsdo Calculation
Once the different variables (i.e., project competencies) are clustered into factor groups and
the contribution of each variable (i.e., project competency) towards its factor group is calculated
(ie,factor groups6 coefficients), the results
fuzzy aggregation generated from the first processing unit (Step four, Page 5), to generate fuzzy

factor groups using Eq. {2).

00 & VOO EIEB _26,_26 ,_26 ] (4-2)

Where:

0 is a fuzzy numbefi.e., representing an overall evaluation of a project competency for a

project)defined by a triplefc hd , & ).

1 is a crisp numbetrepresenting th&actor group coefficient for a given project competency (i.e.,

identified from factor groupsdé coefficients).

The new fuzzy feature extraction technique, presented in this chapter, combines the
advantages of fuzzy logic and dimensionaliéduction techniques. Fuzzy logic captures the
uncertainty and subjectivity associated with human reasoning ubmgnotion of graded
membership (Zadeh 1965Pedrycz and Gomide 2007)r&&led membershgpare used tmodel
human reasoning associated witth e | i ngui sti ¢ assessment of pr
criteria. Dimensionality reduction techniques (i.e., factor analysis) are used to tran$ferm
existingset of project competenciés anew reducedetof factor groups (i.e., representing the
different project competencies) while considering the correlation relationship between the
original set of project competenciehe final calculated fuzzy factor groupse constructs of

graded membership(i.e., fuzzy numbers) that capture subjectiven&in reasoning associated
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with the Ilinguistic assessment of project C Ol

di mensionality (i.e., without compromising

suitable for modeling.

Finally, the c&ulated fuzzy factor groups, representing project competencies, are used
with project KPIs as inputs and outputs for the third processing unit (i.e., granular AND/OR
fuzzy neural networ. The third processing unit is then used to determine the relaipns
between project competencies (i.e., expressed by fuzzy factor groups) and project KPIs as

described next.

4.2.3. Granular Fuzzy Network Processing Unit: Granular AND/OR Fuzzy Neural
Networks

The notion ofFuzzy Neural Networks (FNNSs)is usedto developconstructs offuzzy
hybrid systemsthat combine the technologies of fuzzy set theory and reamputing FNNs
contribute indevelopinghybrid systemsthat are transparent, traceable, and wetlrning and
prediction capabilities(Gupta 1994, Pedrycz andGomide 2007;Pedrycz 2014).FNNs
demonstrated, in previous research, its ability to model complex antinean relationships
between inputs and outputs (Pedrycz 20The advancement of artificial neural networks and
fuzzy logic to fuzzy neural networkss first presentedto highlight its merits. Then, the
application of granular AND/OR FNNs is presented to highlight its advantages of capturing and
interpreting the nonlinear and complex relationship between inputs and outputs when a limited

set of datad available (Pedrycz 2014)
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4.2.3.1. Overview of Artificial Neural Networks (ANNS)

The flexibility associated with the learning and adaptation of biological neuronal
mechanismshas been amotivation for the design ofrtificial intelligent systems. Unlike
conventonal systems biological neuronal mechanisms are fmadel basednechanismsand
such noAmodel based mechanisms are quite successful in dealingtiveitbomplexity and
approximatenature of some research problems (Gupta 1994). Artificial Neural Networks
(ANNSs) have received particular attention because of their ability toyzmalomplex nonlinear

data sets and establish the nonlinear and complex relationship between inputs and outputs.

The humarbrain for examplejs composed of netwoslof billions of hiological neurons
Thesebiological neuronsreceive input from other neurons the same network and across
different networkswhich may lead to either excitation or inhibitioh the network When the
netvork excitation achieves a threshold valsemeneurors fire a signal to produce an output
As such, a neuronds output always bears the s
the ability to adapt and leais induced by a change in the strengththe relationship(i.e.
connections weightshetweenthe different biologicaheurons. Thus, the effectiveness of one
neuron in exciting another is not constant but varies fvithx p edai nedn/coer AlMamear ni n g
networkthat consists of a number eé€urons, the outputs are still considered as a function of the
inputs, but because the strength of the connections within the network can change, the
relationship of the net wor k 0experience and/ar garnting 1 t s
Therefae, it is the connectionstrengthb et ween t he neurons that det

behavior and how that behavior varies over t{@apta 1994; Drew and Monson 2000)
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Error back propagation (BP) algorithenprovide the learning capability (i.e., siamito
biological neurons) to ANNd_earning algorithms tend to adapt a NN by adjusting its synaptic
weights to improve the network output. Two main categories of learning algorithms are
presented in previous research (Gupta 1994et al. 2009; Yu and Skniewski 2010 as

presented in Figure-2.

Learning
Algorthms
[ | |
Error-Based OutputBased
Learning Learning
(Supervised) (Unsupervised)
[ | |
Error- : .
Correction Stochastic| — Hebbian
LeastMean .
| Square — Competitive
| Back
Propagation

Figure 4-2 Flow Diagram for Learning Algorithms for ANNs

Error-based learning (i.e., supervised) algorithms emplogxternal referenced., actual
outpu) and generates an error signal by comparingettternalreference with the obtained
responsé€i.e., network output)Based orthe error signal, a neural network modifies its synaptic
connections(i.e., weights)to improve the system performanc®ystem performance is then

measured by means of a glokalor as shown in Eq. {3).

Ot £ Divd £ +B & & (4-3)
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Where:

nis number of actual data points

@ is obtained response (i.e., network output) for a given data set

@ is theexternalreferencd(i.e., actual output) for a given data set

Note that the effect of weak connections with small values can be masked (eliminated) as
they are interpreted to be of minimal or no contribution (i.e., no connecterggt) towards the
network architecture. Also note that the different connections (i.e., weights) serve as annotations
(quantifications) of their corresponding component (i.e., inputs) (Pedrycz and Gomide 2007

P361).

Outputbased learningunsupervisedalgorithms do noemployan externakreference, and
generally involve selbrganization principles that rely only upon local information and internal
control mechanisms in order to discover collective properiieg forms of outpubased
learning arethe Hebbian learning anthe competitive learning. Hebbian learning involves the
adjustment of synaptic weighaccording to the correlation of the response of the neurons that
adjoin it. Competitive learning is a variant of Hebbian learning. Competitive ilg@ifanctions
by increasing the knowledge of each node in the net@@Gupta 1994)A common application

of the competitive learning algorithmsdataclustering.

The application of ANNs was further complemented by the use of fuzzy set theory and
fuzzy logic. Fuzzy set theorintroducesgraded membership in order to provide a mathematical
precision to approximate human reasoning capabilitésscribed linguistically Traditional

binary sé theory describes crisp evemtsevents that either do or do notcac. Fuzzy set theory
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extends crisp eventaising the notion of graded membership(Zadeh 1965). f@ded
membership model impreciseand ambiguous datalmpreciseand ambiguous datas often
encountered in real lifproblems (Gupta 1994; Pedrycz and Gomid®72 Pedrycz 2014)
Hybridization of fuzzyset theory with ANNs improves systems performance by enhancing the
application of each domain (i.e., fuzzy set theory and ANNSs) while eliminating, to a certain

extent, the limitation of each domain separately as described next.

4.2.3.2. Overview of FuzzyNeural Networks (FNNSs)

ANNSs structuresare of limited ability wherdealng with imprecise data and 4tefined
activities (Gupta 1994; Pedrycz and Gomide 20074y and Skibniewski2010. However,
subjective phenomena such as reasordrgy regarded beyond the abiliy traditional ANNS.
Hence, fuzzy set theory is applied to overcome such limitaiomzy neural networks (FNNSs)
are constructs diuzzy hybridmodeling that combine the technologies of fuzzy set theory and
neureccomputing in developing modetbat are tansparent, traceable, and witgarning and
prediction capabilitiegGupta 1994, Pedrycz 2014)wo main FNNs models are presented in
previous research. The first modeling type of FNNs provides a fuzzy interface for the neural
network to process subjective information suchapproximate human reasoninghe second
modeling type applies traditionBINs, in general, to optimize a predefined knowletgee in a

fuzzy inference. Figure-8 and Figure 4 presents the two types of FNNs (Gupta 1994).

121



7 Fuzzy Intert Pemplullon > Neural Network ] > Decisi
uzzy Intertace N eural Networ J > 10n
e M

Neural Quputs

=

Learning Algorithm (—

1
S

Figure 4-3 Type 1:Fuzzy Input Vector to a MuliLayered Neural Network

Knowledge-Base

I\

— L 4
—> Neural Neural W - ..
Network Outout Fuzzy Inference J > Decision

=

Learning Algorithm (—

i
.

Figure 4-4 Type 2: Crispnput Vector to a Fuzzy Inference

The two modeling types of FNNSs (i.e., Figur@ 4nd Figure 41) were applied in several
evaluation and prediction models in previous research. TaBleuinmarizes some of the main

studies that incorporated the two netidg types of FNNs.
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Table 4-2 Summary of Previous Research in FNNs

Study Reference Overview of the Study Application Area
FNNSs theory and Gupta Application of FNNs as evaluative llustrative examoles
application (1994) and predictive models P
Dynamic fuzzy neural networks
(D-FNN) implementing Takagi
. Wu and Er SugeneKang (TSK) fuzzy . L
DynamicFNNs (2000) systems based on extended radi Function approximation
basis function (RBF) neural
networks(NNs)
Implementation of thevolving
Kasabov connectionist systems (ECOS) th SupervisedJnsupervised
Evolving FNNs is aimed at building online, online knowledgebased
(2001) Lo : . )
adaptive intelligent systengse., learning
(Evolving FNNSs)
. A prediction systenthatintegrates
Pinson and .
. o . models based on adaptive fuzzy . .
Forecasting FNNs Kariniotakis ; Wind power forecasting
neural networks configured for
(2003) .
shortand longterns forecasting
Lend et al A selforganising fuzzy neural
SelfOrganizing FNNs g ' network (SOFNN), to extract Extraction of fuzzy rules
(2005) P .
fuzzy rules from the training date
A model that incorporates fuzzy
Dynamic FNNs for Lin et al. logic and neural adaptive Fault diagnosis system of
chaotic systems (2010) backstepping contrdbr an rotary machine
uncertain chaotic system
A water level (or discharge)
FNNsfor water level and Alvisi and forecgstlngnodel (_|..e..,under
discharge forecasting witt Franchini uncertainty using artificial neural Forecasting water levels
) networks(ANNs) where,
uncertainty (2011) N i
uncertainty is expressed in the
form of a fuzzy number
An intelligent model baseah
standard feedorward back rediction of triethylene
FNNs for estimation of Ghiasi et al. propagation neural netwo(kN) P . yier
. , o glycol purity on operating
triethyleneglycol purity (2014) for accurate prediction of o )
. . conditions of reboiler
triethyleneglycol purity based on
operating conditions of reboiler
Pedrycz Extending traditionaFNNs to :
Granular FNNs (2014) Fuzzy FNNs lllustrative examples

The first modeling type of FNNs (i.e., Figure3) was considered for problems that are
highly dimensional and/or based on composite variables (e.g., fuzzy factor groups). In such
problems, a predefined knowledbase is not available to capture the relahip between
inputs and outputs. The second modeling type of FNNs (i.e., Figdjewas considered for

problems that are of relatively low dimensionality and/or have a predefined knovlasggehat
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requires an optimization process to capture the oslsiiip between inputs and outputs.

Reviewing the two modeling types of FNNs along with their application in previous research

(i.e., see table-2); the first modeling type of FNNSs (i.e., Figureg¥is considered in the fuzzy

hybrid intelligent model presnted in this chapter. The first modeling type of FNNs is capable of

identifying and quantifying the relationship between project competencies, expressed by fuzzy

factor groups, and project KPIs where, a predefined knowlbdge is not available and,

composite variables (e.g., fuzzy factor groups) are used.

Two main computational processes are also considered with the application of FNNs in

previous research. FigureXclassifies the calculations with respect to the two types presented in

Figure 43, Figure 44 and Table 2.

FNNSs Structur

11°}

[¢7)

Feedforward Feedback
Architecture Architecture
(Static) (Dynamic)
| Fuzzy Logic | |Fuzzy Inferenc
Operations Mechanism
Fuzzy Dynamic
— Arithmatic — Neuron With
Operations Fuzzy Inputs
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As stated earlier, the first modeling type of FNNs (i.e., FiguB) & considered in the
fuzzy hybrid intelligent model presented in this chapter.tkRefeedforward(static) architecture
the neuros respondo theinput (i.e., fuzzy input vectors)sing eithefuzzy arithmetic or fuzzy
logic operations In the feedbackdynamiq architecture,a learning algorithm is applied to
provide robust computing characteristickhis computation eithre enhances the weight
associated to the fuzzy neurons, as shown in Figiletd generate outputs directly or, to the
fuzzy inference input, as shown in Figurd 4to improve the predefined knowledgase for the

fuzzy inference.

For FNNs calculationsChen (1984)introducedthe function principleto preservethe
original type of membership function and simplifies the arithmetic operatiotise network.
Accordingly, he application of fuzzy arithmetic provide a simple method to process fuzzy
signals (i.e., expressed by their membership functions) using fuzzy arithmetic and fuzzy

operations.

The underlying topology of FNN, using fuzzy arithmetic operations, is procgfszzy signals

(e.g., fuzzy numbers) as described in Ee4)4o (48).

Fuzzy Addition (two fuzzy numbers}é o6 & hd ,0 ] G ,0 J=[0 +O ,d +&@

0+ ] (4-4)

Fuzzy Multiplication (two fuzzy numbers)é z6 &G hd ,d ]2 @ hd ,d [=[0 z& ,

AR AR (4-5)
Fuzzy Multiplication ( crisp number and fuzzy numbe):._z6 =[_z¢ ,_zd ,_2& ] (4-6)
Fuzzy Division (two fuzzy numbers)— | E~h—h—h— h—H A@B-h—h—h—) (4-7)
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Fuzzy Division (crisp number and fuzzy numbey:— —h—h— (4-8)
Where:

0 andd , are fuzzy numbersdefined by triplets ¢ h & ,® ) and @ ho® ,&% )

respectively
1 is a crisp number

Accordingly, conventional arithmetic operations performed in traditional ANNs can be

transformed to FNNs.

As for FNNs that incorp@ates fuzzy operations, the underlying topology is to use fuzzy
operations such a&ND and ORoperations rather than fuzzy arithmethdND and ORIlogic
neurons provides aggregative functions suitable for performing calculations in FNNs (Pedrycz
and Gomide 2007; Pedrycz 201AND logic neurons realizes aor logic aggregation for a set
of fuzzy inputsx = [w,®, w, éw] with corresponding amections (weightsyv = [0 ,0
0 , & ] and then summarizes the partial results inaadwise manner such thgt= "Y
(0 iw . Where,”Y ands stands for shorms (minimum) and-¢onorms (maximum) fuzzy
operators respectivel®R logic neuron on the other hand realizesaaw logic aggregation for a
set of inputsy = [w,w, W, éw] with corresponding connections (weights) = [0 ,0 ,

0, é ] and then summarizes the partial results inoatwise manner such that = Y

(L & .

Previous research also suggested improving the approximation capability of fuzzy neural
networks (i.e., using fuzzy operations) through the incorporation of an activation function such

as the unipolar sigmoidal function to procé&$¢D and OR logic neurons (Dissanayake 2006).
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Gradientbased learning iommonly usedwith FNN to provide the network with a
supervised learning based on pairs of inputput data setso§ X . The learning is guided by a
performance index Q whosalues are minimized by adjusting the values of the connections
(i.e., weights) associated with the FNRigsanayake 200@edrycz and Gomide 2007; Pedrycz
2014). The adjustment is completed in an iterative process wher,jfiputoutput data sets, a
portion of the data sete(g., 70%) is used for training and the remaining portieg.(30%) is

used for testing. The gradiebased learning scheme is presentedgn(4-9).

~

& ¢ ¢ QAANRE 6€ & & QAR N 0 (4-9)

U i s a posi rangingfrom@tat ni ng r at e

n 0 is the gradient of Q determinadth respect to a current connection iteration
6 &€ & &£ 'Qwa Qisithecurrent iteration

6 & ¢ & QuOSM@E is thesuccessive iteration

It is important to note thahé resulting values are retained by a constraint rule (Pedrycz and

Gomide 2007as described below:
<6 €& &t Quas@ii n 0>
Where

<.> denotes the truncation operation such as <.a> =1, if a>1.0; 0, if a<0; and a, otherwise.

127



The initial connection valugs.e., weights)are randomly initializeé to avoid any potential
bias. Oncethenetwor i s trained a gl obal error measur e

can be calculated using Eq-34

4.2.3.3. Granular AND/OR Fuzzy Neural Networks for Modeling Construction Project

Competencies and Their Relationship to Project Performance

Granularcomputinghas recently emerged to construct and process information in real
world problem such as decisiomaking and prediction models. Granutamputinghas shown
several advancements in nstationaryfuzzy environments(i.e., with limited availabilityof
data) that requires continuous updates and is subject to ongoing chaigespplication of
granular computing in FNNs improves transparencyof the network, through thduzzy
connection weights, thus providinige ability to bettetrace therelationship between inputs and
outputs(Pedrycz 2014). Advancing FNNs to granular FNNs reiffioma ki ng t he conn
granul ar and admitting a cert a(Pedryct 20t4mR142). s m o f
This is achieved by fuzzifying FNNs conniects (i.e., weights). The structure of the granular
AND/OR FNNs, as the third processing unit of the fuzzy hybrid intelligent model, is displayed in

Figure 46.
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FNN Input FNN Qutput

AND OR
Logic Neurons Logic Neurons

B Fuzzy Number

Figure 4-6 Example of aGranular AND/OR Fuzzy Neural Network (Omar and Fayek 2015)

The functional components granularAND/OR FNNs belong to two main aggregation

neurons namely; AND and ORgic neuronsdue to their common use (Pedrycz 201%he

AND logic neurons realizesas described earlieanor logic aggregation for a sef fuzzy inputs
x=[w,w,w, év] that represents the different project competencies (i.e., expressed by fuzzy
factor groupsyith correspondinduzzy connections (weightsy = [0 ,0 ,0 , & ] and then
summarizes the partial results in amd-wise manner such thgt="Y (0 i@ . The ORIlogic
neurors, on the other handealizes arand logic aggregation for a set of inpws= [w, W,

W, éw] with correspondingfuzzy connections (weights)v = [0 ,0, 0, é0 ] and then
summarizes the partial results in @awise manner such that="Y (0 6w . Where,z is the
network output representing the different project KPM, and 0 stands for ‘conorms

(maximum) and-norms (minimum) fuzzy logicalperators respectively.

A gradientbased learning algorithm is associated wgithnular AND/ORFNNSs to provide

the network with a supervised learning based on pairs of kquiput(i.e., fuzzy factor groups
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and project KPIspata sets g hx . Thelearning is guided by a performance index Q whose
values are minimized by adjusting the values of the connecti@sneights) associated with
the granular AND/ORFNNs (Pedrycz and Gomide 2007; Pedrycz 2014). The adjustment is
completed in an iterativprocess where, fan input-output data sets, a portion of the data set is
used for training and the remaining portion is used for testinghe granular AND/OR FN8§I
are trained and tested using actual data sets, the relationship between the diffejesit pro
competencies (i.e., expressed by fuzzy factor groups) and project KPIs is identified through the
connections (i.e., weights) of the granular AND/OR NN

A gradientbased learning algorithns used to improve the granular AND/OR F8IN
structure (Pegrcz and Gomide 2007). Weak connections at the AND and OR logic neurons are
masked (eliminated) as they are interpreted to be of minimal or no contribution (i.e., no

connection strength) towards the network architecture.

The identification of project compencies, expressed by fuzzy factor groups, having the
highest impact on project KPIs is realized by interpreting the granular AND/OR FNN through
the interpretation of the connection weighfar the AND logic neuron, lower values of the
connection imply hgher relevance of the corresponding infiug., fuzzy factor groups) on the
recipient AND neuron. & the ORIogic neuron, higher values of the connection imply higher
relevance of the corresponding ingue., AND logic neuron) on the recipient OR newravhich
is then deffuzzified to provide the final output (i.e., project KPRifferent defuzzification
methodssuch as themallest of maxima (SOM), middle of maxima (MOM), largest aikima
(LOM), andthe centroid methodare examined to identify the one that yiellds mostaccurate
results (Pedrycz and Gomide 200w)terms of granular AND/OR FN#global error The

centroid method provided the least global error as disclstzth chapter five of this thesis.
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4.3.Evaluating Construction Project Competencie8 Ev al u at iEffeat on®roject er i a
KPIs Using the Developed Fuzzy Hybrid Intelligent Model
The developed fuzzy hybrid intelligent model is further analyzed to determine the effect of
lower hierarchical level§ i . e . , project competenci emadecteval ua
KPIs. This process is classified into two main phases namely; 1) identification phase and, 2)
guantification phase. Figure-4 displays the analysis performed to determine whidjept
competenciesd evalwuation criteria affect the

terms of percentage of improvement, on the different project KPIs.

In the identification phase, fuzzy factor groups, representing the project enuigst are
first identified from the granular AND/OR FNiNThen, project competencies, associated with
the fuzzy factor groups, and the prioritized evaluation criteria, within each project competency in
a given fuzzy factor group, are identified from fhetor analysis (i.e., second processing unit of
the fuzzy hybrid intelligent model) and the new prioritized fuzzy aggregation respectively (i.e.,
first processing unit in the fuzzy hybrid model). In the quantification phase, the effect of the
identified fuzzy factor groups on the different project KPIs is measured using the developed
granular AND/OR FNNSs. The effect afidividualpr oj ect c @ruogtieet evaluatioe s 6
criteria (i.e., one at a timen projectKPls is performedusing sensitivity anabis Figure 410
illustrates the capacity of the fuzzy hybrid intelligent model (i.e., the three processing units) to
identify project competencies at the | owest I
that affect the different project KRI$he developed fuzzy hybrid intelligent model atspture
the nonlinear andl y nami ¢ r el ationship between project

project KPlIs.
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corresponding

> 7y

[ st

‘\\VAnalysis /"
> Z

A

\ 4
2. Use fuzzy factor
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Figure 4-7 Identifying and Quantifying the RelationshiptweerProject

Competenciesd Evaluation Criteria
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It is important to note that the prioritized relationship between the evaluation criteria of the
different project competencies makes it neags$o consider the combined effect of evaluation
criteria based on: 1) evaluation criteria importance and, 2) evaluation criteria satisfaction (i.e.,
maturity or agreement scores). Accordingl vy,
criteria on poject KPIs will vary depending on: 1) the satisfaction scores (i.e., importance,
maturity and agreement scores presented in chapter two of this thesis) associated with the
prioritized project competenci esoorgraupValueet i on
based on the combined score of the different ranked project competencies (i.e., calculated using
the fuzzy feature extraction technique described in this chapter) to calculate the fuzzy factor

group value.

4.4. Concluding Remarks

This chaper presentsa new fuzzy hybridintelligent model for modeling project
competencies and their relationship to project KHlse developed fuzzy hybrid intelligent
model has the capacity to capture tmeultidimensional and subjective natucé project
compeenci esod0 evaluation (i .e., through the appl
project KPIs (through the application of granular AND/OR FNNSs). The developed fuzzy hybrid
intelligent model is capable of evaluating project competencies andifgungnthe nonlinear
relationship between project competencies and project KPIs as presented in the next chapter of

this thesis.

The fuzzy hybrid intelligent model consists of three processing units. The first unit is an
information fusion processing unithis unit evaluates project competencies on the higher

hierarchical level (i.e., project competency level) rather than the lower hierarchical levels (i.e.,
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evaluation criteria of project competencies). Additionally, this processing unit reduces the
numberof variables considered for modelir{ge., 41 project competencies rather than 248
project compet enci €eg Gecoadvpocassing und s tHenensidnaity i a )
reduction processing unit. A new fuzzy feature extraction techrnigjapplied to perform an
intermediateranking, grouping and structuring of project competencidsle preserving their
fuzziness The third processing unit he granularAND/OR fuzzy neural network(Pedrycz

2014). Thegranular AND/ORfuzzy neural netwds are used to identify the relationship
between project competencies, expressetubzy factor groups, and project KPIBinally, the

ability of the presented fuzzy hybrid intelligent model determine the effect olower
hierarchical levelg§i.e.,proe ct competenci es0 eval pagettKRIsns cr i t e
presented. Chapter five presents an assessment of the fuzzy hybrid intelligent model using actual
data collected from seven construction projects. Additionally, examination of thelagr&mNN

performance against conventioddINs andFNNs is performed.
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CHAPTER 5.1 Evaluating and Modeling Construction Project Competencies
and Their Relationship to Project Performance Model Development!

5.1. Introduction

Thefuzzy hybrid intelligentmodel developed in the preceding chagter, chapter four) is
applied, using data collected from seven construction projects, to examine its capacity to
dynamically evaluate and quantify the effect
different project KPISA summary of thedata collectedrom seven construction projedssfirst
presented. Project competenciesd evalwuation c
from the seven construction projects as a prerequisite for performing the prioritized fuzzy
aggregationThe prioritized fuzzy aggregation method, presented in chapter three of this thesis,
is then applied tgroduce informative evaluation of the different project competeraiethe
higher hierarchical levels (i.e., project competency level) rather thdovtiee hierarchical levels
(i .e., project c o mp et eforctheesavén censtrackiom projecshel cr i t
different project competenciese thenanalysed using factor analyss calculate fuzzy factor
groups for the granular AND/OR FNNs The relationship between theffect of project
competenciesexpressed by fuzzy factor groupsdprojectKPIs is identified using the granular
AND/OR FNNSs. Finally, the developed fuzzy hybrid intelligent model is used to examine the

effect of the diffe ent pr oject competenciesd evalwuation

5.2. Data Summary

Several construction companies in Alberta, Canada were invited to participate in this study.

Six companies expressed interest in the study.sbheonstruction companies assignseven

! Partsof this chapter have besnbmittedfor publication in Automation in Constructio®mar, M. and Fayek, A.
Robinson(2015). iModeling and Evaluating Construction Project Competencies and Their Relationship to Project
Performancé Manuscri pt, 53 pages.
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construction projects to have the study conducted at. Four of the projects provided by the

companies were commercial projects and three were heavy industrial prDjeitscollected

from all severconstruction projestparticipating in this study were used for analysis and fuzzy

hybrid intelligent model developmentable 51 displays the key informatiofor the seven

construction projects.

Table 51 Key Information on Construction Projects Participating in Study

Overall
. Project Project Functional . Number
ZLO* icé Project Type Budget Percentage | Competencies CBoethZItzlerrc?(las of Project
" (Million $ Complete at Surveys Surveys Collected KPIs
CAD) Time of Data Collected Collected
Collection
1 Commercial 32 25.00% 1 1.Supervisors:4 13
2.Selftevaluations:9
2 Commercial 50 58.00% 2 1.Supervisors:4 11
2.Selfevaluationst0
3 Commercial 68 25.00% 2 1.Supervisors:5 12
2.Self-evaluations:
37
4 Commercial 2.1 70.00% 1 1.Supervisors:2 10
2.Self-evaluations/
5 Industrial 1,430 21.40% 5 1.Supervisors: 6 27
2.Selftevaluations:
14
6 Industrial 1,365 98.76% 5 1.Supervisors: 5 28
2.Selftevaluations:
12
7 Industrial 130 90.00% 2 1.Supervisors: 4 17
2.Selfevaluations36
1. Supervisors30
Total Number of Surveys Collected 18 2.Self
evaluationst 25

A stratified random samiplg approach wasisedat eachconstructionproject to identify

the number of respondents to complete the functional and behavioural competencies surveys. A

total of 18 functional competencies surveysd 155 behavioural competencies surveys were

collected from thesevenconstructiorprojects. Out of the 155 behavioural competencies surveys,

30supervisorso

behavi
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were collectedtoenseir consi stency between the superviso
t eamsev sleddti ons using the Cr onbarcchaptertwmoe | i abi |
thisthesis None of the supervisorso s(ue,C@eysbaehd@®@s
reliability testresults ranged from 0.71 to 0.99s for the projecKPIs, 10 projectKPIs were

collected consistently from th&evenconstructionprojects.The fuzzy hybrid intelligent model

structurei presented in chapter fous used tadentify project competencies at the lowest level

(i .e., project competenciesdO evaluation crite

next.

5.3. Information Fusion Processing Unit: Application of the New Prioritized Fuzzy
Aggregation Method
The steps for conducting the prioritized fuzzy aggregation (i.e., first processing unit) are

presented in Figure-5.

A. Scales normalization

— B. Membership functions determination
Normalize importance,

agreement and maturity sca C. Fuzzy prioritized
Represent the different scal¢ @ggregation
by symmetrical triangular
fuzzy membership function 1. Calculate importance score for
(i.e. captures subjectivety il the evaluation criteria

respondents evaluations) | cglculate relative weight for
the evaluation criteria

3. Rank criteria (i.e. using
importance score)

4. Generate an aggregated value
representing each functional and
behavioural competency

Figure 5-1 Prioritized Fuzzy Aggregation for Project Competencies (Omar and Fayek 2015a)

First, symmetrical triangular fuzzy numbergpresenting the different normalized
importance, maturity and, agreement scales are develdpetyCz 1994; Omar and Fayek
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2015b)as shown in Figures-3 to 54 respectively. As discussed earligre use of normalized

measures is considered to avoidsituation wherea given project competency evaluation

criterion with a greater valugominate other evaluation criteria witemaller values

©c oo Qo
ON MO PR
1

Fuzzy Numbers Representing Importance Scale

Membership Degree

Membership Degree
© o oo
oON MO OB

T T T T T T T

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Importance Scale

= E xtremely unimportant Unimportant

= Neither unimportant nor importast=Important

- Extremely important

Figure 5-2 Fuzzy Numbers Representing Importance Scale
Fuzzy Numbers Representing Maturity Scale
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Maturity Scale
| evel 1 Level 2 e===]eve|3 e=|evel4 =—|evel5

Figure 5-3 Fuzzy Numbers Representing Matur8gale
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Fuzzy Numbers Representing Agreement Scale

o 1-

o

> 0.8 -
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a 0.6 -

504

[}

2 0.2

5

E O T T T T T T T T T 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Agreement Scale

= Strongly disagree Disagree == Slightly disagree
—Neither disagree nor agree=Slightly agree agree

Figure 5-4 Fuzzy Numbers Representing Agreement Scale

Second, the importance score for each evaluation criteria is calculated. The calculation of
the importance score is based on the total number of surveys (i.e., 18 functional competencies
surveys to evaluate functional competenci es?o
competencies surveyso eval uate behaviour al competencies
the seven construction projects. The determination of the iamm@tscore for each evaluation
criteria enables proper ranking and relative
evaluations as presented next.

Considering, for example, the three evaluation criteria presented in T&hlehé fuzzy
relative importance scor@RIS)forev a |l u at i o d.1.Roliciestaedrpioceduresifor project
cost management are developed at the company.|B#és and responsibilities for applying
practice on the project are clearly identified for the projeets p o n s i slcadculated,asns 0

described earlier in chapter three, as shown in Efj).(5
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Table52Ex ampl es of Evaluation Criteria for APr

Competency

4. Project Cost Management
4.1. Policies and procedures for projeostmanagement are developed at the company level. Roles a
responsibilities for applying practice on the project are clearly identified for the project responsible t
4.7. A cash flow analysis is regularly maed out to monitor the financial status of the project.
4.8. Updated cash flow with changes to the cost baseline is regularly conducted.

8 8h38 z 8 8hs8 z 8 8h8 z 8hshs z 8hshs

0oYQY =(0.73, 0.93, 0.9¢p-1)

Once theFRIS score is calculated for the different evaluation criteria, the fuzzy relative

weight (FRW)for each evaluation criterion is calculated as shown in Eg).(5

5¢

OY Gy =

= (0.29, 041, 0.62 (5-2)

0¢ ¢

8
8 8 hg hs

5¢

8 hs
8 ha hs 8 hs

The FRISs andFRWsf or t he HAProject Cost Management
criteria are listed in Table-3. Samples of thef unct i onal and behaviou

eval uat i ¢FRISandFRWaeemreseries in Appendix 2.1 and 2.2 respectively.

Table 53 Sample Prioritized Fuzzy AggregatiéiRlSsandFRWs

Fuzzy Relativelmportance Fuzzy Relative
Functional Competency/Evaluation Criteria Score 7 4 E Weight 5 4 5
(Based on all respondents) (Based on all respondents)

4. ProjectCostManagement
4.1. Policies and procedures for projeost (0.73, 0.93, 0.98) (0.28, 0.410.62)
management are developed at the company
level. Roles and responsibilities for applying
practice on the project are clearly identified f
the project responsible teams.

4.7. A cash flow analysis is regularly carried (0.43, 0.75, 0.87) (0.16, 0.32, 0.51)
out to monitor the financial status of the

project.

4.8. Updated cash flow with changes to the (0.43, 0.57,0.71) (0.124, 0.27, 0.47)

cost baseline is regularly conducted.
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For the criteria listed in Table-3, the FRISs andmaturity scoresre considered as fuzzy
coordinates. Fuzzy TOPSIS tisen applied to determine therioritized scoring operator™Y

andcalculatethe adjusted=RWs to be usedor the prioritized aggregation.

First, each criterion is measuregainst itsfuzzy positive ideal solutiofFPIS) andfuzzy
negative ideal solutioffFNIS). The FPIS for the project cost management three evaluation
criteria is0 = [(0.73, 093, 0.98), (080, 1.00 1.00]. The FNIS for the for theproject cost

managemat three evaluationriteriais 0 [(0.43 057, 0.71), (000, 020, 040)].

For the id.1Policies and procedures for projecbst management are developed at the
company level Roles and responsibilities for applying practice on the project are clearly
identified for the project responsible teantsiterion, the fuzzy coordinategpresenting=RIS
and maturity scoreespectively ar¢(0.73, 093, 098), (040, 060, 080)]. The positive distance
‘Q and negative distanc&) are calculated following theormalized Euclidiaimmethodas

presented ifEq. (5-3) and 6-4) respectively.

Q - T O T O T O TRO TP T Y - T T@ T pAI T T TT patm T TT
o) (5-3)

Q - T o ™M@ 0 o ™ X TP T p - T8 T T@IT T T T8 T T T T
T X (5-9)

Next, acloseness coefficientd(0) is calculatedfor i4.1.Policies and procedures for
project cost management are developed at the company.|&aes and responsibilities for

applying practice on the project are clearly identified for the project responsibletaarsisown

in Eq. 6-5).

— =062 (5-5)
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The calculated 06 is then used to generdtéfor adjusting the prioritizé cr i FRW i on 6 s

using Eq. $-6).

"Yg=1* 0.62= 062 (5-6)

For M.1.Policies and procedures for projecbst management are developed at the
company level Roles and responsibilities for applying practice on the project are clearly
identified for theproject responsible teamsO'Y w is calculated usingq. 6-7).

OYe ™WE ™ &8 ¢ ™ g o Y

The"OY w i for the project cost management evaluation criteria are listed in Table 5

(5-7)

Table 54 "0Y w iand "YValues forProject Cost Management

Evaluation Criteria

Functional Competency/Evaluation
Criteria

Prioritized Scoring
Operator

Fuzzy Relative
Weight

13T

Adjusted Fuzzy
Relative
Weight

1d

4. ProjectCostManagement
4.1. Policies and procedures for
projectcostmanagement are
developed at the company level.
Roles and responsibilities for
applying practice on the project ar
clearly identified for the project
responsible teams.
4.7. A cash flow analysis is
regularly carried out to monitor the
financial status of the project.
4.8. Updated cash flow with
changes to the cost baseline is
regularly conducted.

0.62

0.46

0.38

(0.29, 0.41, 0.62)

(0.14, 0.38, 0.56)

(0.08, 0.20, 0.36)

(0.18, 025, 0.39)

(0.06, 017, 026)

(0.00, 008, 0.14)

Finally, a Fuzzy Prioritized Weighted AverafePWA) operator is used, as described in

chapter three, to provide a collective value representing the project cost management functional

competency usingq. (58).
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o0 w6 TP IR e Ps ™ TP $ O D IR @3

T MR Pt § St 1§ @ pdripdin  0.11, 0.37 0.70) (5-8)

The evaluation criteria for the different functional and behavioural competencies are
aggregated similar to the example presented above to calpulatej e ct compet enci es
on the higher hierarchical levels (i.e., project competency level) rather than the lower
hierarchical l evel s (i .e., p r.dheseaggregaten rahse t e n C |
arepresented as a fuzzy numigee., as shown irEq. (5-8)). The evaluation of each respondent
is then defuzzified, using the centroid method, to generate crisp evaluations for the different
project competencies to perform dimensionality reduction (i.e., factor analysis) as discussed

next.

5.4.Dimensionality ReductionProcessing Unit: Application of the New Fuzzy Feature

Extraction Technique

Once the different project competencies per respondent are defuzziechrtelation
matrix, antrimage and KaiserMeyerOlkin (KMO) testsare first conductedto examine the
suitability of data for performing a factor analysis. SPSS 22 is used to perfopretiminary
tests to evaluate the suitability of the collected functional and behavioural competencies data

(i,e.,r e s pond e n topedforsfactonamalyss¢Alroomi et al. 2011).
5.4.1.Correlation Matrix for Project Competencies

The correlation matrix investigates the relationship between the different project
competencies. First, Pearsoarrelation coefficientare used to measutle strength of the

relationship between project competencies. Thgetation coefficientean vary numerically
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between 0.0 and 1.0. The closer the correlation is to 1.0, the stronger the relationship between the
two variables. A correlation of 0.0 in@ites the absence of a relationship. If the correlation
coefficient is 1.0, it indicates the presence of a perfect relationship between the two variables
The <correlation coefficientsd sign i ndicates
competencig, apositive correlation coefficient means thatome project competenggcreases,

the second project competenogreases, and conversely,@ee project competenaecreases,

the second project competendgcreases. In other words, i project corpetenciesnove in

the same direction when there is a positive correlation. A negative correlation meanstieat as

project competenciycreasethe second project competerdsgcreases and vice versa

For the functional competencies, a correlation masrigalculated using the 18 functional
competencies surveys collectiedm the seven construction projects (i.e., See appendix 2.3). The
matrix values ranges from 0.017 to 0.9T8e positive correlation coefficients indicate tradt

functional competenciaacreasen the same direction.

For the behavioural competencies, a correlation matrix is calculated using the 30
behavioural competencies surveys collectemin the seven construction projects (i.e., See
appendix 2.4). The mat values ranges from 0.094 to 0.83%he positive correlation

coefficients indicate thatll behavioural competenciesreasan the same direction.

5.4.2.Anti-Image Matrix for Project Competencies

The antiimage correlation matriprovides a measurd the sample adequadyp perform
factor analysis. Theneasure of the sample adequgd¥SA) assists in identifying project

competencies that should be eliminated prior to performing factor analysis.
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For the functional competencies, thetrimage correlatio matrix shows that the measure
of the sample adequacy (MSA) for &lihctional competenciesnges from ®65 0.985 (00.5)
(Field 2005), which indicates that none of fo@ctional competencieseeds to be eliminated

andconductingfactor analysis isppropriat€i.e., See appendix 2.5)

For the behavioural competencies, thptrimage correlation matrix shows that the
measure of the sample adequacy (MSA) forbahavioral competencieanges from &05
0.957 (00.5) (Field 2005), which indicates thadne of thebehavioural competencieseds to

be eliminated andonductingfactor analysis is appropriatee., See appendix 2.6)
5.4.3.Kaiser-Meyer-Olkin Test for Project Competencies

The KaiserMeyerOlkin (KMO) test is used to examine whether ttegrelation pattern
betweenproject competencies aselitablefor factor analysis or not. KMO values greater than

0.6 are considered acceptable for performing factor analysis (Alroomi et al. 2011)

For the functional competenciesetresultof the KMOtestt s 0. 774 ( O0. 6) .
indicate thatthe correlation pattern betwe&mctional competencies suitable for conducting

factor analysis.

For the behavioural competencigse tesult of the KMOtest s 0. 643 ( 00. 6) .
indicate thathe correlation pattern betwebehavioural competenciéssuitable for conducting

factor analysis.
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5.4.4.Factor Analysis for Project Competencies

Factor analysis is performed for the functional and behavioural competencies respectively.
The varimax rattion is used to maximize high correlations and minimize low correlations
between project competenciekhe varimax rotation method is applied in order to enhance the
interpretability of the factor analysis resu(ield 2005; Alroomi et al. 2011Accordng to
Kai seros criteri a,,aftertreewvdimax gtatiofpreeach fagoe groufgomu e s
largest to smalless first conductedand thenfactor groups of eigenvalugreater than .D are
retained

Factor analysis was first performed fdwetfunctional competencies. Folactor groups
have eigenvalues greater than 1.0 for the functional competencies, which is the suggested
number of factogroupsto be retainedTable 55 lists the results of the factor analysis results for

the functional ompetencies.
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Table 55 Total Variance for Functional Competencies Factor Groups after Varimax Rotation

Component

© 0N O O~ WN P

N NE R R R R R R P R
B O © 0 ~NO U MOWNDNIER O

Initial Eigenvalues

Extraction Sums of Squared Loading

Varimax Rotation Sums of

Squared_oadings
Total % of Variance  Cumulative % % of : . .
Total Variance  Cumulative % | Total % of Variance Cumulative %
12.575 59.880 59.880 12.575 59.880 59.880 6.423 30586 30586
2.071 9.862 69.742 2.071 9.862 69.742 5.835 27.785 58.371
1.862 8.868 78.609 1.862 8.868 78.609 2.868 13.659 72.030
1.416 6.744 85353 1.416 6.744 85.3536 2.798 13.323 85.363
0.894 4255 89608
0.725 3452 93.060
438 2.048 95.143
.297 1416 96560
.210 .998 97558
.159 .758 98.316
119 .568 98.834
.103 .490 99375
.058 276 99651
.042 198 99.849
.022 103 99.%62
.010 .048 100.000
3.31E-16 1576E-15 100.000
290%-16 1.382-15 100.000
1.721E-16 8.19%-16 100.000
6.022E-18 2.86&-17 100.000
-3.37FE-16 -1.60&-15 100.000
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Thefour functional competenciésactorgroupsexplain 85.5% of the total variance in the
data used for factor analysiccording toRencher (2002), factor group loadings less than +0.40
are removed because they are considered insignificant for factor grtmrpretation.The
functional competencies within each factor growith factor loading values abovéhe
predefined cutoff value (i.e., £0.40) are included in the computationsf the project
competenciesd coefficients.teldhef ufnicntailonfad c tcoorn

coefficients are listed in Table®

Table 56 Functional Competencies Factor Groups and Coefficients

Factor Project
Factor Group Rank Competer
Group T
Coefficients
13.Project Stakeholders Management 1 0.097
16.Project Innovation 2 0.095
11.Project Quality Management 3 0.094
12.Project Change Management 4 0.093
Functional Competencies 18.Project Contract Administration 5 0.093
Factor Group 1 19.Project Team Building 6 0.088
() 20.Project Workforc®evelopment 7 0.087
14.Project Environmental Management 8 0.086
8.Project Communication Management 9 0.080
15.Project Commissioning and Startup 10 0.079
17.Project Workface Planning 11 0.058
9.Project Safety Management 12 0.051
4.Project Cost Management 1 0.101
2.Project Scope Management 2 0.099
1.Project Integration Management 3 0.099
6.Project Resource Management 4 0.092
Functional Competencies 3.Project Time Management 5 0.086
Factor Group 2 17.Project Workface Planning 6 0.082
(@) 7.Project Risk Management 7 0.082
14.Project Environmental Management 8 0.076
9.Project Safety Management 9 0.072
15.Project Commissioning and Startup 10 0.0
11.Project Quality Management 11 0.065
18.Project Contract Administration 12 0.053
_ . 5.Project Engineering and Procurement Managem 1 0.306
Functional Competencies 20.Project Workforce Development 2 0.201
Factor Group 3 7.Project Risk Management 3 0.180
(@) 17.Project Workface Planning 4 0.174
Functional Competencies 10.Project Human Resource Management 1 0.260
Factor Group 4 21.Project Technology Integration 2 0.249
() 6.Project Resource Management 3 0.165
3.Project Time Management 4 0.160
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Factor analysis was then performed for the behavioural competeRisiesfactor groups
have eigenvalues greater than 1.0 for the behavioural competencies, which is the suggested
number of factorgroupsto be retainedThesethree behavioural competenci@gactor groups
explain 73.69% of the total variance in the data used for factor analghge 57 lists the

results of the factor analysis for the behavioural competencies.

154



Table 57 Total Variance for Behaviour@ompetencies Factor Groups after Varimax Rotation

Initial Eigenvalues

Extraction Sums of Squared

VarimaxRotation Sums of

Component 0Loadings . Squared Loadings '
Total % of Variance Cumulative % A) of Cumulative % of Cumulative
Total Variance % Total Variance %
1 12.011 60.057 60.057 12.011 60.057 60.057 6.467 32.333 32.333
2 1.535 7.673 67.730 1.535 7.673 67.730 5.466 27.331 59.664
3 1.193 5.964 73.694 1.193 5.964 73.694 2.806 14.030 73.694
4 912 4.562 78.256
5 .765 3.824 82.080
6 .705 3.524 85.604
7 .556 2.778 88.381
8 .505 2.527 90.908
9 AT5 2.374 93.282
10 .276 1.382 94.664
11 .250 1.251 95.915
12 .189 .943 96.858
13 144 721 97.580
14 127 634 98.214
15 119 .593 98.807
16 .098 492 99.299
17 .058 .292 99.591
18 .041 .206 99.797
19 .027 137 99.934
20 .013 .066 100.000
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Similar to thefunctional competencies, behavioural competencies within each factor group
with loading values abovéhe predefinedcut-off value (i.e., £0.40) are included in the
computationsof the factor coefficients. The final factor groups and calculated behavioural

competenciesd coeffi8cients are |isted in Tabl

Table 5-8 Behavioural Competencies Factor Groups and Coefficients

Factor Project
Factor Group Group Rank Compet e
Coefficients
17.Interpersonabkills 1 0.106
10.Ethics 2 0.100
11.SeltControl 3 0.091
20.Initiative 4 0.078
. . 16.Building Trust 5 0.078
Be“""‘é'o“tra' gompeltenc'es 13.Problem Solving 6 0.078
ac OEw )m“p 18.Influence 7 0.077
8.Motivation 8 0.076
12.Reliability 9 0.072
6.Teamwork 10 0.068
14.Commitment 11 0.068
1.Analytical Ability 12 0.059
3.Assessment Ability 13 0.05
19.Cultural Competence 1 0.117
15.Adaptability 2 0.113
9.Negotiation and Crisis Resolution 3 0.100
: 7.Consultation 4 0.086
Behavioural i~
Competencies Factor 16.BU|Id|ng_Trust 5 0.086
Group 2 5.Leadership 6 0.073
} 18.Influence 7 0.073
(@) 6.Teamwork 8 0.073
20.Initiative 9 0.072
8.Motivation 10 0.072
13.Problem Solving 11 0.068
12.Reliability 12 0.066
Behavioural 2.Training 1 0.348
Competencies Factor  4.Decision Making 2 0.289
Group 3 1.Analytical Ability 3 0.200
(w) 13.Problem Solving 4 0.163

5.4.5. Project Competencies Fuzzy Factor Groups Calculation

As described in chapter four of this thesis, once the different project competencies are

clusteredinto factor groups and the factor coefficients for each factor group is calculated (i.e.,
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See Table % and 58), the results are used with the results of the prioritized fuzzy aggregation,

generated from the first processing unit, to generate fuzzy fgiiops using Eq. (9).
"00 A WHOWOE i€ 6B _z20, _z2&H ,_720 ] (5-9)

Where:

0 is a fuzzy numbefi.e., representing an overall evaluation of a project competency for a

project)defined bya triplet(¢d hdd , & ).

1 is a crisp numbetrepresenting th&actor group coefficient for a given project competency (i.e.,

identified from factor groupsdé coefficients).

For example, functional competencies fuzzy factor groum 2 is calculated using Eq.

(5-9) as shown in Table-8.

Table 59 Fuzzy Factor Grou@ Value

Project
Project Compjetency Fuzzy Factor Group = Project
Competenc Overall Competency efficient * Project
Project Competency 5 Prioritized Fuzzy Competency Overall Prioritized

Coefficient Aggregated Fuzzy Aggregated Maturity

Maturity Score Score

4.Project Cost Management 0.101 0.249 0.368 0.502| 0.025 0.035 0.051
2 Project Scope Management 0.099 0.079 0.246 0.315| 0.008 0.024 0.031
1.Project IntegratioManagement 0.099 0.155 0.183 0.401| 0.015 0.018 0.040
6.Project Resource Management 0.092 0.067 0.051 0.196| 0.006 0.005 0.018
3.Project Time Management 0.086 0.157 0.293 0.364| 0.014 0.025 0.031
17 Project Workface Planning 0.082 0.181 0.306 0.493| 0.015 0.025 0.040
7.Project Risk Management 0.082 0.14 0.226  0.344| 0.011 0.019 0.028
14 Project Environmental Manageme 0.076 0.210 0.334 0.502| 0.016 0.025 0.038
9.Project Safety Management 0.072 0.154 0.202 0.284| 0.011 0.015 0.020
15Project Commissioningnd Startup 0.070 0.277 0.434 0.649| 0.019 0.030 0.045
11 Project Quality Management 0.065 0.133 0.209 0.305| 0.009 0.014 0.020
18.Project Contract Administration 0.053 0.171  0.254 0.414| 0.009 0.013 0.022

Fuzzy Factor Group e value= 0.158 0.248 0.385
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Once that the different fuzzy factor groups are calculated for each project, the project KPIs
are normalized and tabulated for training and testing the granular AND/OR FNN as described

next.

It is important to highlight that 10 project KPIs were dstetly collected from the seven
construction projects. The project KPIs related to quality, changes, satisfaction and productivity
were not consistently collected through the seven projects and were not included in the
development of the FNN. As for s&yeKPls, data did not exhibit any sensitivity due to lack of

variability in the safety KPIs values.

5.5. Granular Fuzzy Network Processing Unit: Application of the Granular AND/OR

Fuzzy Neural Network

The generated fuzzy factor groups (i.e., See appehd)xare used as inputs for the model
(i.e., Granular AND/OR FNB), where, aproject is considered ame input datasetand the
collectedKPIs for the sameproject are considered dlse output dataset Six data sets (i.e.,
projects) are considered formining the granular AND/OR FNdJand one data set (i.e., project)

is considered for testirtpe granular AND/OR FNBI

When constructing thgranular AND/OR FNNN, it is important to consider thabmplex
neural networks do neffectivelyapply learning algorithms to adjust thgnaptic weightsf the
different layers The synaptic weighadjustmeniproblem can be avoided by modulariziingse
neural networks, thereby achieving modular/multiple neural networks which are simpler, smaller
in size and, more reliable. The incorporationaopriori knowledge is a major advantafm
constructingneural networks with multiple outputs (Azam 2000; Dragoni et al. 200®iori

knowledge allows a better configuration of the network in terms of spgutlden layers and
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outputs (Azam 2000). The configuration is dependent on the problem being modeled and the
ability to utilize a priori knowledge to enhance the network functionality by modularizing it

(Dragoni et al. 2009).

Following the rationale and justification described by Azam (2000) and Dragoni et al.
(2009), it is advantageous ¢tonsidera number of modular networks to overcome the limitation
of constructing a complex network (i.e., inability to retain knowledge eghiby learning

algorithms in high complex connections).

Two granular AND/OR FNNs are used to represent the different project KPIs based on the
project KPIs measurements (e.g., cost and duration). The first granular AND/OR FNN network
is the cost FNN. ThiENN captures the different cedlated project KPIs involved in evaluating
project performance based on monetary values. The second granular AND/OR FNN network is
the schedule FNN. This FNN captures the different scheeldéed project KPIs involved in
evaluating project performance based on duration vdRedrigues et al. 2009Dther project
KPIs related to quality, changes, satisfaction and productivity were not consistently collected
through the seven projects and were not included inlé¢lrelopment of the FNNs. As for safety
KPlIs, the safety granular AND/OR FNN did not exhibit any sensitivity to safety indicators due to

lack of variability in the safety indicator values.

The granular AND/ORFNNS structure in terms of the numberlofjic neuronsand layers
is adjusted using an iterative procassdescribed biedrycz and Gomid@007). First, a certain
structure of the network is assumed based on a priori knowledge of the inputszzye factor

groupsrepresenting functional and behawral competencigsand outputs (i.eprojectKPIs).
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Thefinal granular AND/ORFNNs fopology is as follows: fuzziactor groups are denoted
by {x}, where, x represents a fuzzy number representedtiiplet (O hd , & ) which is the
result of both; the prioritized fuzzy aggregatiofor a given projectand the factor analysis
discussed earlier in thishapter (i.e., fuzzy factor groupsYhe weights of the associated
connections from th&zzy factor groupgx} to the ANDIogic neuronsare denoted bjw} and
arerandomly generateflizzy numbers represented tiiplets @ h0 , 0 ). The weights of
the associated connections from the ANDic neuronsare denoted b{¥} and arearerandomly
generatedfuzzy numbersrepresented byriplets © h0 , 0 ). Finally, the output of the
networkfrom the OR logic neuronis defuzzified(i.e., using the centroignethodpresented in

chapter fourand the resulting values {z} are the network ousggue., projectKPIs).

The granular AND/OR FNNs were trained using six data sets (i.e., projects), and were
tested using one data set (i.e., project). fiin@ network structure for the two FNNs (j.eost
and schedulegranular AND/ORFNNS) isshown in Figure % and 56 respectively Project
competencies, expressed by fuzzy factor groups, having the highest impact on project KPIs are
identified from the two granular AND/OR FNNs through the interpretation of the connection
weights.For the ANDIogic neuronslower values of the connectiamdicatehigher relevance of
the corresponding inpufor the ORIlogic neurors, higher values of the connectiandicate
higher relevancerothe correspondin@inal output. The final connections weights resulting from
the AND logic neurons in the cost and schedule granular AND/OR FNNs identify the fuzzy

factor groups that affect the different cost and schedule project KPIs respectively.
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Figure 5-5 Cost AND/OR FNN
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Figure 5-6 Schedule AND/OR FNN
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Four different defuzzification methods, as described in chapter four, are examined to
identify the one that yieldthe mostaccurate results. The smallest of maxima (SOM), middle of
maxima (MOM), largest of maxima (LOMand the centroid methods avsedas defuzzification
methods. The centroid methaslidentified as the one that provides the masturate resust
(i.e., in terms of global errorlhe global error of the granular AND/OR FNNs using the SOM,
MOM, and LOM ranged from 32.58% to 57.90%he global error of the granular AND/OR

FNNSs using the centroid method ranged fr®h6% t026.19%.

The performance of the networkas evaluated usinga global error measurement as
described in chapter fouwhere, the network structure is revised by adjusting the number of
logic neurons connections and layem order to minimize the global error ofetmetwork. This
process is repeated until acceptable results are achieved (Pedrycz and Gomide 2007; Pedrycz
2014). Thefinal two FNNSs (i.e., cost and schedule FNNs) producegdl@bal error for the

different projecKPIsrangng from 6.16% t026.19% (Omar aad Fayek 2015a).

A validation method is first applied to ensure the accuracy of the developed granular
AND/OR FNNs.A leaveone out validation method spplied for validation This validation
method is based on developingranumber of granular AND/OR FNNs, whereis the number
of data sets (i.e., projects) available for training and testing the granular AND/OR FNNs. Each
granular AND/OR FNNs repeatedlyrained and tested bgaving out a singldata seand then

using thdeft-out data seto derive a predictio(Kohavi 1995)

5.5.1.Comparison between ANNs, Conventional FNNs and Granular AND/OR FNNs

The developed granular AND/OR FNNs are compared to: 1) traditional AfSNpta

1994; Drew and Monson 200@nd, 2) conventional FNNs (i.e., as described in chapter four of
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this thesis) that incorporates fuzzy arithmetic instead of fuzzy operations (i.e., hereafter referred
to as FNNs). A cost and schedule ANNs are developed. The cost and schedule ANNs considers
crisp weights, crisp factor groups and, unipolar sigmoidal activation fundmongenerating
networks outputs (i.e., project cost and schedule KPIs). Similar to ANNs, a cost and schedule
FNNs are develope@Gupta 1994;Alvisi and Franchini2011). The cost and schedule FNNs
considers fuzzy weights, fuzzy factor groups, fuzzy arithmetic and, unipolar sigmoidal activation
functions for generating networks outputs (i.e., project cost and schedule KPIs). The three types
of networks were trained usirggx projects and tested using one project. The global error of the

three types of networks (i.e., ANNs, FNNs and granular AND/OR FNNSs) is presented in Figure

5-7.
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Figure 57 ANN, FNN and, Granular AND/OR FNN Global Error
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The global error for the cosnd schedule ANNs ranges from 74.10% to 147.15%. The
global error for the cost and schedule FNNs (i.e., using fuzzy arithmetic) ranges from 66.81% to
122.58%. The global error for the cost and schedule granular AND/OR FNNs rangés1éém
to 26.19% (Omar and Fayek 2015a). This comparison illustrates the capacity of granular

AND/OR FNNs to process information when limited data are available (Pedrycz 2014).

5.6.Fuzzy Hybrid Intelligent Model Findings and Results

First, fuzzyfactor groups having the most significant effa., connection weightg)n
the different cost projedtPIs are identified from the granular AND/OR FNNSs (i.eGranular
fuzzynetworkprocessingunit of the fuzzy hybrid intelligent modethrough the irgrpretation of

the connection weights.

For the cost granular AND/OR FNN, project competencies, expressed by fuzzy factor
groups having the most significant effect on project KPIs are identified asfacny groupso
fiFunctional Competencies Factor @ u pnd@ &iBehavioural Competencies Factor Gr@dp
respectively For the schedule granular AND/OR FNN, project competencies, expressed by fuzzy
factor groups having the most significant effect on project KPIs are identifietzzgfactor
groupsw iIFuncti onal Compet eandoifiBkavidual cConpetendes Baatgr 3 0
Group 30 respectively A detailed list of ranked project competencies belonging to each factor
groupand the effect of each project competency on the fuzzy factor gsdigped in Table B
and 58.

Second, the developed cost and schedumular AND/ORFNNs are further analyzed
(i.e., using the information fusion and dimensionality reduction processing units of the fuzzy
hybrid intelligent model) to determine the ef
the different project KPIs. This praess is classified into two main phases namely; 1)
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identification phase and, 2) quantification phase. Figu8edisplays the analysis performed to
determine which project competenciesd evaluat

guantify he effect, in terms of percentage of improvement, on the different project KPIs.

In the identification phase, fuzzy factor groups, representing the project competencies, are
first identified from thegranular AND/ORFNN. Then, the project competenciassociated with
the fuzzy factor groups, and the prioritized evaluation criteria, within each project competency in
a given factor group, ar e identified from t
coefficients representing the contribution of legeoject competency to the fuzzy factor group
listed in Table 5% and 58) and prioritized fuzzy aggregation respectively (i.e., project
competenciesd prioritized evaluation criteria

on the project congiency).

In the quantification phase, the effect of the identified fuzzy factor groups on the different
project KPIs is measured using the develogethular AND/ORFNNs. The effect oindividual
project c pmoptizet! evaloatiom <rderia (i.eone at a timepn project KPIs is

performedusing sensitivity analysis
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