University of Alberta

Intelligent Contractor Default Prediction Model f8urety Bonding in
the Construction Industry

By

Adel Lotfy Saleeb Awad

A thesis submitted to the Faculty of Graduate ®®idind Research
in partial fulfillment of the requirements for tdegree of

Doctor of Philosophy
in
Construction Engineering and Management

Department of Civil and Environmental Engineering

© Adel Lotfy Saleeb Awad

Fall 2012
Edmonton, Alberta

Permission is hereby granted to the University Iifefta Libraries to reproduce single copies of thesis
and to lend or sell such copies for private, sallar scientific research purposes only. Wheretttesis is
converted to, or otherwise made available in digitam, the University of Alberta will advise potial users

of the thesis of these terms.

The author reserves all other publication and otiglits in association with the copyright in thegfs and,
except as herein before provided, neither the shesi any substantial portion thereof may be pdiate
otherwise reproduced in any material form whatspewthout the author's prior written permission.



Dedication

This thesis is dedicated with love, admiration, eggpect

to my kind mother, dear father, my lovely wife

and my beloved children: Pola and Mayven.



Abstract

Construction is a risk-filled, uncertain, and dynamenvironment.
Contractor default is a critical risk that can ughce the outcome of projects in
the construction industry. Construction project evenand other stakeholders
look for methods to predict the potential of cootoss to default, in order to
avoid awarding contracts to high-risk contract@se of the most effective tools
for project owners to mitigate the risk of contadailure is to transfer the risk of
project completion to a surety company. The suretynpany conducts a
comprehensive prequalification (underwriting) prexéo assess the possibility of
contractor default. The prequalification procesgddse to evaluate any contractor,
project, and contractual risks that may affect ¢batractor's performance. The
prequalification process involves evaluating vasi@ualitative and quantitative
evaluation criteria, many of which contain uncertgiand require subjective
judgment.

This thesis demonstrates how fuzzy logic and expgstems techniques
are integrated to develop a model able to helptgym®fessionals in contractor
default prediction for a specific construction i for bonding purposes.
Building the contractor default prediction modelDM) included identifying,
classifying, and providing a comprehensive, detdliist of the evaluation criteria
for contractor and project prequalification. Nungatiscales were defined for the
guantitative evaluation criteria, and rating scalesng reference variables, were
developed to quantify the qualitative criteria. Anportant evaluation category,

“contractor’s organizational practices,” was inamgted as input to the CDPM.



The CDPM was built using the expertise of suretgcptioners across Canada,
and several different knowledge acquisition techeg) were used. A novel
methodology for finding a group consensus functibat aggregates experts’
judgment scores to represent a common opinion yalged, in order to aggregate
the experts’ inputs for the CDPM development. A moeblogy to apply two

different optimization techniques, genetic algarithand artificial neural network
back-propagation, for the CDPM'’s adaptation is @nésd. Finally, software for

contractor default prediction, SuretyQualificatiemdeveloped.
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CHAPTER 1.- Introduction?

1.1 Background

Construction is risky and dynamic business, fulun€ertainties and always
changing. It is almost impossible to find two caoustion projects that are
completely the same (Marsh 2008; Chao and Skibkied898). Contractor
failure is always possible, even for capable ant-established contractors, and
happens when the contractor fails to fulfill thentactual obligations (Surety
Information Office 2007; Russell 1991). According the Office of the
Superintendent of Bankruptcy Canada (2008, 20101R0between 2007 and
2011, the highest frequency of the bankruptcy cas@anada were related to the
construction sector. Of 20 economic sectors, thekfgptcy cases in the
construction sector represent 17.4%, 15.4%, 2029d, 24.3% in 2008, 2009,

2010, and 2011 respectively.

The Surety Information Office (SIO) (2007) presentthe following
guestions: How can public agencies using the lavdalicy in awarding public
works contracts be sure the lowest bidder is deggde® How can private sector
construction project owners manage the risk ofremhdr failure? In construction,
owners always search for the ways by which the afskontractor failure can be

mitigated. Surety bonding in the construction induss a very useful tool for

*Parts of this chapter have been published in Jbefnautomation in Construction, Volume 21,
January 2012, and accepted for publication in Gamatburnal of Civil Engineering, 2012.
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project owners to mitigate the risk of contractaifure by transferring the risk of
project completion to a surety company (Maxwell 2005urety bonds provide
financial security and construction assurance lsur@sg project owners that
contractors will perform the work and will pay thepecified subcontractors,

laborers, and material suppliers (Surety AssoaiatioCanada [SAC)] 2009).

The Surety Association of America (SAA) (2009) defi surety bonds as
an agreement providing for monetary compensatiaulshthere be a failure to
perform specified acts within a stated period. Thaans that the surety company
guarantees to the owner of the construction profeat the project will be
constructed within the required time and accordiogthe specifications and
contract documents (Kangari and Bakheet 2001). Mangers require surety
bonds from their contractors to protect their comypand shareholders from the

enormous cost of contractor failure.

It is a very important and critical decision foetBurety company to accept
bonding a contractor for a specific constructiogjget. Due to the huge risk that
the surety company carries, that risk must be eséichand reduced as much as
possible, and that reduction comes by conductir@praprehensive evaluation
(i.e., prequalification) of the contractor. In otheords, the surety company
should assess/predict the possible risk of theractar defaulting on performing
the construction project. This contractor defaudtdiction process is complex, not
only because there are many criteria that shoulthken into consideration, but

also because the evaluation criteria are both tatigsk and quantitative.



Furthermore, some are uncertain and subjectivejmgakem difficult to assess.
The construction bond underwriting (i.e., prequedifion) process requires expert
knowledge and judgment, and many times, expertsrjpacate their instinct or

intuition without explaining a logical rationale.

1.2 Problem Statement

Construction project owners and other stakeholdtmok for methods to
predict the potential of contractors to defaultprder to avoid awarding contracts
to high-risk contractors. Owners request a contratti be bonded so that the
surety company can provide a guarantee to the owharthe project will be
constructed, and that contractual obligations dlfulfilled. Therefore, the risk
of project completion is transferred to the suynpany (Al-Sobiei et al. 2005).
When the surety company accepts the request tadgr@ contractor with the
bonding for a specific project, many of the projesks are transferred to the
surety company. These risks include the contrapt@qualification process,
macroeconomic changes that can occur in the catistnuindustry over a very
short period, and the uncertainty of a project €ils1990). To mitigate the
possible risk of a contractor defaulting on compbeta specific project, a
comprehensive and detailed prequalification prostssild be done to quantify
the contractor's competency to perform the proposmustruction project. The
contractor prequalification process occurs in twages (as presented in detail in

chapter 2).



The objective of the first prequalification stageto build a relationship
between the contractor and the surety company.hit stage, the evaluation
criteria that are considered to prequalify the mctor and his/her organization
are mainly grouped under three categories: chara@pacity, and capital (Surety
Information Office 2011). Several models have beéeweloped for the first stage
of contractor prequalification for surety bondirsgich as the model created by
Bayraktar and Hastak (2010), who developed a cdunakpscoring-based
contractor evaluation system to assist suretieevaluating the contractor’s
character, capacity, and capital; and SuretyAssistlecision support system
designed by Marsh (2008) and Marsh and Fayek (2069)ssist surety
underwriters and brokers in evaluating general reghtrs in the construction

industry.

The second bonding prequalification stage is donenathe contractor
requests bonding for a specific construction prtojatthis point, the surety
company conducts a more comprehensive prequaldicésurety underwriting)
process that focuses not only on evaluating théactor, but also on the proposed
project aspects, the contractual risk, and theraotur’'s organizational practices.
A system or methodology to conduct the second gli@tding prequalification
process to provide prediction of the possible askontractor default in a specific

construction project has not been presented.

Having identified contractor prequalification frodifferent perspectives

and provided several techniques to represent adatrgrequalification, the
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previous research in the area of construction eotdr prequalification and surety
underwriting provides a point of departure for theearch presented in this thesis.
A model or methodology for the second phase in timelerwriting (i.e.,
prequalification) process has not been addressguewious research; no study
has integrated contractor-specific risk, projecesfic risk, contract-specific risk,
and contractor's organizational practices evalumatdteria in the underwriting
process. In the construction industry, there iseadnfor a structured system to
assess/predict the risk of contractor default tbaewe the surety practitioner’s

decision-making in providing bonding to a contradty a specific project.

1.3 Research Objectives

The overall aim of this thesis is to present a meétihogy to integrate fuzzy
set theory with expert systems to create a decisigrport system (DSS) for
contractor prequalification for surety bonding, arg investigate the
appropriateness of a fuzzy expert system (FESgdatractor prequalification for
a specific construction project. Additionally, thikesis seeks to explore and
present new techniques to build the main FES’s amapts (fuzzy membership
function and fuzzy rule base). One final aim iditdhe gap in existing contractor
prequalification models by presenting a suitable \ae., model) to integrate all
the evaluation criteria required for the suretyquaification process, and provide
a comprehensive assessment tool to assist sunegytexn their decision-making.
Many of the evaluation criteria for the underwrgfiprocess contain uncertainty

and depend upon expert knowledge and subjectivegmedt. Therefore,
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incorporating expert judgment into the model ishhygimportant. The detailed

objectives of this research are as follows:

To combine fuzzy logic with an expert system toateea model that has
the ability to include expert knowledge and subyectjudgment, or
intuition, in the decision-making process. The nodan handle
uncertainty and subjectivity, and incorporate bajbantitative and
qualitative criteria that are considered in theqpedification process. The
integration of expert knowledge with prequalificaticases (i.e., data) to
build a FES is a relatively new research area.

To apply and present a new approach for fuzzylvake development that
combines two methods: (1) learning from examplesngi contractor
default prediction cases; and (2) using the inpuetative importance
weights to develop fuzzy rules. Also, to presentapproach for fuzzy
membership function (MBF) estimation that integsata traditional
estimation technigue with set of contractor prefjigation cases.

To present a methodology to integrate a FES witho tw
adaptation/optimization approaches (genetic algost and neural
network back-propagation) to applying the data-aseaptive learning
concept. The optimization process focuses on atiaptaf fuzzy MBF
and rules’ degree of support (DoS) to determine mhest suitable
technigue to adapt the FES.

To identify and classify the major evaluation aidgethat should be

considered for general contractor prequalificatidor a specific
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construction project from the surety industry’sqpesctive, and to develop
a comprehensive contractor default prediction mo(ePDM) that
enhances the previously-developed models for cowatrgrequalification,
evaluation, and default prediction, and providestraictured contractor
default prediction method to enhance the suretytpi@er’'s decision-
making process in providing bonding to a contraébora specific project.
Furthermore, this research incorporates a very itapb evaluation
category (contractor’s organizational practiceshattthas not been
addressed in previous models.

To incorporate knowledge from several surety expacross Canada with
different levels of experience and various roleshia surety industry into
the model development. Therefore, a group consesygiem/approach to
aggregate the experts’ knowledge and obtain colectalues for their
inputs for the model development is needed.

To present a contractor default prediction modet thccurately reflects
participating surety experts’ assessments by applgi methodology for
FES adaptation. The optimized model is used toldpwe software tool to
enhance the practical benefits of the contractéaudieprediction model,
and to allow interaction between the user and tlbeeahby providing a
means of storing the user input criteria and degigg the system’s

output.



1.4 Expected Contributions

This thesis presents several contributions, somehath are relevant to
researchers and classified as academic contritsjtaord others that are industrial

contributions to the construction industry, asdoi:

1.4.1 Academic Contributions

* Presenting a methodology to integrate fuzzy logitvan expert system to
create a fuzzy expert decision support system (Dfé§)contractor
prequalification for surety bonding.

» Presenting a novel approach for fuzzy membershipction (MBF)
estimation that incorporates the Horizontal MBFimeation technique,
which depends on experts’ knowledge (knowledgedjaaed contractor
prequalification cases (data integration).

» Developing a proposed group consensus approacitooporate experts’
inputs as a collective single opinion for buildiaguzzy experts system.
The proposed approach uses the multi-attribut@yufinction (MAUF)
approach.

* Exploring and implementing a novel approach forzfuzrule base
development that combines two methods: (1) learfrmig examples, and
(2) using the inputs’ relative importance weights.

* Presenting a methodology to integrate a FES witho tw
adaptation/optimization approaches (genetic algos and neural

network back-propagation) separately to adapt éveldped FES.
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* Presenting and applying several experts’ knowledggiisition techniques

for building FESs.

1.4.2 Industrial Contributions

* Compiling a comprehensive, detailed list of the lea@on criteria for
contractor and project prequalification.

» Offering numerical scales for the quantitative ewa#ibn criteria, and
developing rating scales using reference varialitesquantify the
qualitative criteria.

* Incorporating the evaluation of all the project edp, the project team,
contractual risks, and project management evaluatiiteria into the
proposed comprehensive model to predict the pdisgibf a contractor’s
default on a specific construction project. Thepmsed CDPM provides
several application contributions, as follows:

A. Providing a structured, organized, and objectivpragch for surety
underwriters to use in the evaluation of subjectxigeria and criteria
that are difficult to quantify in contractor quatétion for a specific
project, which helps formalize this complex deaisiprocess while
making its logic easy to trace.

B. Decreasing the subjectivity of the evaluation psscly identifying the
important factors that should be considered for cangrehensive
assessment of the contractor and the project.

C. Providing the required documentation that summarizéhe

prequalification process, whether for upper managenevels or for
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the contractor, in any case where a certain bondegyest for a
construction project has been rejected.

D. Providing a method for assisting the constructiaantactors to
discover areas that need improvement in order taimibonding for a
construction project.

E. Advancing the state-of-the-art of the surety undiimg process by
including evaluation criteria related to the projand contractual risks,

in addition to the contractor-related criteria.

» Developing the proposed SuretyQualification sofevdor contractor
default prediction; it can be used for contractor
evaluation/prequalification by surety underwritessirety brokers, and
owners in the construction industry.

* Advancing the state-of-the-art of contractor evatrdprequalification for
a specific construction project by automating theet/ underwriting

process using the proposed SuretyQualification.

1.5 Research Methodology

The research study presented in this thesis isuzded in four main stages,

as follows:

1.5.1 The First Stage
The decision support system (DSS) development psocdarts with
identifying and classifying the most relevant ewilon criteria that surety

10



underwriters and brokers consider when evaluatisgegific construction project
for bonding purposes. Several data collection tieghes (questionnaires, one-on-
one interviews, and interactive group meetings vhighly experienced surety
experts) are used to compile a comprehensive atailattlist of the evaluation
criteria. Both fuzzy logic and expert systems awmmiined to develop the
proposed DSS. For estimating the inputs’ MBFs, \& approach for fuzzy MBF
estimation is applied, by integrating the Horizdor#BF estimation technique

with contractor prequalification cases.

1.5.2 The Second Stage

The developed DSS is used to build a more compsaercontractor
default prediction model (CDPM). One important enxion component,
contractor’s organizational practices, is incorpeta A group consensus system
(GCS) is developed first to determine the consengeight factor (CWF) for
surety experts working in the construction industoyincorporate their input as a
collective opinion. The multi-attribute utility fution (MAUF) methodology is
used to develop the proposed group consensus syssad on six attributes
(experience measures). The Analytical Hierarchyc&s (AHP) is used to
determine the experts degrees of “liking” (i.e.efprence) of the experience
attributes. Fuzzy logic and expert systems tectesgue integrated to develop the
CDPM. The proposed CDPM is built using the expert$ surety practitioners
across Canada, and several different knowledgeisitqn techniques are used

(web-based surveys, and one-on-one and interagtivap meetings). A new
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approach for developing fuzzy rules is applied ¢nayate and complete the rule

base.

1.5.3 The Third Stage

Two different optimization techniques, genetic aitpons and artificial
neural network back-propagation, are applied séglgrao adapt the FES
knowledge base (membership function and rules’ eegiof support). The two
trained FESs are being validated using unseenaotrdefault prediction cases

to select the most accurate FES for building theetgQualification software.

The validation process of the optimized model waisdacting against the
participating surety experts’ assessments (i.ee, gkperts’ judgment was the
baseline for measuring the model accuracy). A nurobéypothetical contractor
prequalification cases, in which experts’ judgmewsre used to provide the
cases’ output, have been developed for the modielatian process. Hypothetical

rather than actual cases were required for vatddor the following reasons:

» Surety professionals do not currently documenteathluation (input)
criteria used for the developed model; therefootya cases of such data
do not exist.

* Due to the large number of the model inputs, cthgcactual cases would
require a large amount of time and commitment frtdme experts;
collection of the hypothetical cases was a verfiait and time

consuming process, which took about 12 months.
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* To collect actual case data would require the guerperts to change the
prequalification assessment process they curresty which would take

some time and decision-making at higher levelsiwigach organization.

1.5.4 The Fourth Stage

A user interface for the CDPM is developed. Theppsed CDPM model is
implemented using FuzzyTECq—| Professional Version 5.78, which has the

ability to create an executable, stand-alone sydtenis connected to the user

interface.

1.6 Thesis Organization

Chapter 1 provides background, a brief literat@@aw, and a statement of the
problem. This chapter also explains the expectedriboition and the

methodology of this research.

Chapter 2 presents a detailed methodology to caatith fuzzy logic and expert
systems to create a decision support system (D86)cdntactor
prequalification. A new approach for fuzzy membérskunction

(MBF) estimation is also presented in this chapter.

Chapter 3 describes the use of the multi-attributiéity function (MAUF)
approach integrated with the Analytical Hierarchypdess (AHP) to

establish the surety experts’ group consensusryste

13



Chapter 4 presents the steps of developing theamiat default prediction model

as a FES. This chapter also presents a new appiaaftizzy rule base

development.
Chapter 5 demonstrates the methodology and applicatf two optimization
approaches (genetic algorithms and neural netwadk-propagation)

for adaptation in the FES, to increase the accucdcthe developed

CDPM.

Chapter 6 presents the development of a softwalectled SuretyQualification

through an easy-to-use, Excel-based interface obtetewith the

developed CDPM.
Chapter 7 describes the conclusions, the contabu@and the limitations of this

research, as well as recommendations for futuesareh.
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CHAPTER 2. - Contractor Prequalification
Decision Support System for Surety
Bonding®

2.1 Introduction

Construction is a risk-filled, uncertain, and dymarenvironment, where
contractor failure is always possible. For thatscem owners search for ways to
mitigate the risk of contractor failure. One sudthnique is surety bonding,
where the risk of project completion is transfertedhe surety company (Russell
1990; Marsh and Fayek 2009). Therefore, it is &cati decision for a surety
company to bond a contractor for a constructionjgeto(Surety Information
Office 2011). The risk must be estimated and redwsse much as possible via a
complex evaluation (prequalification) process fdne t contractor. Many
guantitative and qualitative evaluation criteriagnbe taken into consideration in

the contractor prequalification process (Suretpimiation Office 2011).

This chapter presents a decision support systenS)B$@ surety brokers
and underwriters that helps them to prequalify atramtor to perform a specific
project in the construction industry. The DSS wasvealbped in close
collaboration with major surety broker and suretyderwriting companies in
Canada. With this tool, surety professionals cattebelecide whether or not to

bond a contractor for a specific construction mjand contractors can identify

2 Parts of this chapter have been published in dbwihAutomation in Construction, Volume 21,
January 2012, pp. 89-98; and the Proceedings, AS@tstruction Research Congress, Banff,
AB, May 8-10, Vol. 2: 899-908.
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areas that need improvement in order to obtain ingnfdr construction projects.
In this chapter, the major evaluation criteria wedentified and classified,
including project specifics and contractual rigkscessary to advance the state of

the art in surety underwriting.

The developed DSS combines both fuzzy logic anegystems to create
a more structured, organized, and objective appré@aaise in contractor/project
risk evaluation for surety underwriting purposebisifuzzy expert DSS decreases
subjectivity in the evaluation criteria by creatipgedefined rating scales for the
guantitative criteria, and defining reference Valea used to quantify values on
the rating scales of the qualitative criteria. Tthgpter describes the methodology
used to create the fuzzy expert DSS, and focusgmrticular, on a new approach
for fuzzy membership function (MBF) estimation, wii combines both
knowledge-based (using the Horizontal Method) aat@d-thtegration approaches.
A validation of the system with hypothetical casé<ontractor/project bonding

evaluation is presented.

2.2 Background and Previous Research

2.2.1 Surety Bonding in Construction

In the construction industry, a surety company eEsuthe risks associated
with contractor prequalification by agreeing to Hdorma contractor for a
construction project (Russell 1990). Figure 2-1veh@a summary of the steps for

obtaining the bonding facility. Most surety compEniwork through surety
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brokers or a surety professional agent. Theretor@btain a bond, a contractor
must first contact a construction surety broker pralide the required business
information. The broker organizes an informatiote fon the contractor and
submits it to the appropriate surety company adngrtb the contractor’s profile
and needs (Russell 1990). The surety underwritar tonducts a new contractor
prequalification process that may require more @ptt information about the
contractor’s business. The underwriter’s objectivéhis process is to quantify the

ability of the contractor to complete the constiaciproject (Awad, Fayek 2010).

First Phase _ Second Phase
of Surety Evaluation of Surety Evaluation
(Character, Capacity, and Capital) (Project Specifics, Contractual Risks)
e a

Contractor Contacts Surety
Agent or Broker

I

Contractor Submits Relevant
Data To Surety Broker

'

Broker Analyzes Data to Study
Contractor's Business and Needs

!

Broker Tailors
Contractor's Submission

I

Broker Submits Data
To Appropriate Surety Underwriter

'

[ Contractor Requests BondingJ

for a Specific Project

4
Contractor Submits Relevant
Data To Surety Broker

\ 4
Broker Analyzes Data and
May Request More Data

A
Broker Submits Data to
Surety Underwriter

\ 4
Surety Underwriter
Requests More Data

A
Underwriter Takes an In-depth
Look at the Contractor's
Entire Business

v
Surety Underwriter
Analyzes Data

4
[ Surety Agrees to Issue Bond ]

A 4

F————————— — e —— - - ==

A Relationship Between Surety | forthe Project
Underwriter and Contractoris Establishegl | | |
_________ l._________J o e e e ==

Figure 2-1 Summary of Bonding Process (Awad and Fayek 2012)
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The contractor prequalification process occurs o phases. The first
phase (contractor prequalification) begins whenctir@ractor seeks a relationship
with the surety company. The evaluation criterisngidered by the surety
company during this phase can be placed in thresgyoaes: character, capacity,
and capital. The second phase begins when theactotrrequests bonding for a
specific construction project, and the surety undiéer conducts a second, more
comprehensive prequalification (surety underwritipgocess. The second surety
underwriting process includes evaluation of the jgmt specifics and the

contractual risks.

2.2.2 Contractor Prequalification and Surety Underwriting Studies

2.2.2.1 Contractor Prequalification

Many studies exist on the topic of contractor pedifigation. Diekmann
(1981) created a multi-criteria decision model thaes the utility theory to
incorporate subjective judgments of the contrastperformance. He presented a
range of criteria for use in contractor selectidncost-plus contracts. Nguyen
(1985) presented a method for contractor prequoatibn that uses fuzzy set
theory to incorporate subjective criteria inheranthe evaluation process. The
developed method depended on three categories aftia#ion criteria: cost,
experience, and performance. Each category hardgeba that have weights
that reflect the order of importance. The evaluatasiteria, and the assigned
weights that reflect their importance, were predeieed based on the opinion of

surety professionals. Russell and Skibniewski (299feveloped “Qualifier-1,”
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which is a computer-based model for contractor watan based on a linear
combination of decision factors to determine theghing rate for contractors.
The candidates (i.e., contractors) are ranked basdtie aggregated rating value
using the evaluation criteria, which are quantifiea@sed on a 10-point rating
scale. Using a 1-10 rating scale increases theedldfy in the evaluation
process and the need for highly experienced usersriduct the prequalification
process.“Qualifier-1”7 was then improved by devetapi “Qualifier-2,” a
knowledge-based expert system to deal with som@ulifier-1's limitations
(Russell and Skibniewski 1990b). Qualifier-2 wasveleped in a hierarchal
structure of five levels: references/reputationtpesformance, financial stability,
status of current workload, technical expertisel project-specific criteria, which
is evaluated individually. The outcome of each eafbn process could be:
disqualify contractor, qualify contractor and predeto next level, or no
decision—more data required. Russell and Jasd[s8B82a) identified the causes
of contractor failure in construction. Then, Rubksahd Jaselskis (1992b)
developed a model to calculate the probability ohtcactor failure prior to
contract award using discrete choice modeling asgaession technique. Two
guestionnaire surveys were developed to investigdferent characteristics for
failed and non-failed projects. The charactersstionsisted of three groups: (1)
project characteristics, (2) owner characteristegl (3) contractor characteristics.
After conducting a numerical analysis for the ottibel data, the developed model
included two variables within the control of prdj@wner: (1) the owner’s effort

in the evaluation of the contractor before the @witaward, and (2) the owner’s
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cost monitoring involvement during the constructigmse. The outcome of the
model is to predict whether the project failed @n+ailed. Ng and Skitmore

(1995) proposed a multi-criteria contractor predicaition model that integrates
seven expert systems to evaluate the contract@ifonmmance, management
capability, reputation, resources, progress, coitigatess, and activeness
(Russell and Skibniewski 1988). The support systeas found to be a practical
tool after it was tested by industry experts; hosveit was not tested or validated
with real case data and/or statistical analysesnEét al. (1994) presented a
method to rate contractors (i.e., prequalificatidepending on nine evaluation
criteria, using fuzzy set theory to deal with pralfication factors that are

difficult to quantify numerically. Holt (1996) delmed a model using cluster
analysis for contractor prequalification. Two ¢krsanalysis approaches were
found to be suitable for this application: hieraceh clustering and k-means
clustering. The cluster analysis classifies thedmate contractors into a number
of clusters to determine the best contractors tdop®e a certain project. One
problem with using clustering techniques is not sidering the relative

importance of the evaluation criteria in the demsmaking process. Hatush and
Skitmore (1998) used the multi-criteria utility trg in developing a model to

determine the overall utility of a contractor. Ating scale of 1-20 is used to
guantify several evaluation criteria. There are esal limitations for the

developed model, such as: (1) using a scale of Tef@riteria quantification

makes the evaluation process very subjective, t(ZJoes not account for the

uncertainty in subjective judgment, and (3) it isable to capture linguistic
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uncertainty and uncertainty inherent in the co#ldcinput data. Khosrowshahi
(1999) used ANNSs to develop a model to predictsiigability of contractors to
tender for public clients’ projects (i.e., qualdi®r disqualified). Khosrowshahi
first developed a list of 21 prequalification ditries. That list was then reduced
to the 11 most important attributes, using the easps of 42 local authorities in
England, based on a five-scale rating system (&berdhining attributes’ relative
importance weight). Although the model presentdudga degree of viability, the
guantification method of the attributes is subjestibased on the scoring system.
Palaneeswaran and Kumaraswamy (2000) presentethadogy for contractor
prequalification for design/build projects using scoring system. This
methodology depends first on classifying the projeto either “simple” or
“‘complex.” If the project is simple, a single-stggequalification process is done;
however, if the project is complex, a two-stageqpadification process will be
done. The evaluation criteria have not been intteduand the model has not been
validated. Lam et al. (2001) developed a fuzzy akuretwork model for
contractor prequalification that consisted of fisgers that functionally work as a
fuzzy model interface: an input layer, a fuzzifioatlayer, a base rule layer, a
normalizing layer, and a defuzzification layer. Tinedel inputs (i.e., contractor
evaluation criteria) are: experience, responseht ltrief, approach to cost-
effectiveness, methodology, and staffing. The meded validated using 83 case
studies, and it was found to outperform the genferadforward neural network it
was tested against. Sonmez et al. (2002) usedidarnghal reasoning approach to

develop a model for the multi-criteria contractoequalification process. The
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model was developed in a hierarchical structuret tbantains five main
categories: contractor's organization, financialngiderations, management
resources, past experience, and past performaach.dhe of these categories has
a number of sub-criteria for contractor prequadifion. The model was not
validated. Wong (2004) developed a model to preitiietcontractor performance
using a logistic regression approach. A total ot@ider evaluation criteria were
considered for the developed model, based on thected information of about
48 projects. The 31 evaluation criteria were graupender 8 evaluation
categories: staff quality and experience, plantemapment resources, contractor
site management/execution capability, health afetysgpast performance records
in similar projects, contractor reputation/imagenttactor proposal, and other
evaluation criteria. The model was validated usfigcases and showed accuracy
of 75%. The developed methodology considered thaive importance of the
evaluation criteria, but did not present the quematiion method for the criteria or
how the qualitative criteria can be integrated. diof2004) presented a study for
a model for construction contractor selection ie urkish public sector, and
provided a critical review for the practices fomb@actor selection. The proposed
model depended on the analytical hierarchy pro¢ast), and included two
evaluation stages: (1) contractor prequalificateond (2) selecting the eligible
bidder among the prequalified contractors. The rmdd@ds not been validated.
Brauers et al. (2008) applied the MOORA (multi-aitige optimization by ratio
analysis) approach for contractor selection. Thesg@nted methodology was

applied to rank 15 maintenance contractors. Howexadidation results were not

25



presented. The model considered 9 evaluation ieritethich did not include any
evaluation criteria related to the contractorsafigial status and/or organizational
practices. Plebankiewicz (2009) developed a fuzzgdeh for contractor
prequalification from the owner’s perspective. Tiedel considered different
contractor evaluation criteria and objectives thatowner wants to achieve in the
project. Five groups of evaluation criteria werelugled: financial standing,
technical ability, management capability, healtll safety, and reputation. The
model was not validated. Lam et al. (2009, 201@¢stigated the suitability of
using the support vector machine (SVM) method imtiactor prequalification for
construction project procurement, and presente8\av-based decision support
framework for contractor prequalification. The e#ficy of the SVM model was
validated in a case study, and the results wergaozd with the results of using
ANNs and principal component analysis (PCA) for game case study. The
results showed that the SVM model was more effecthan ANNs and PCA.
Lam and Yu (2010) used the principle of multipleried learning (MKL) for
decision support in contractor prequalificationeiftstudy measured the accuracy
and efficiency of the SVM method versus that of KL using a case study.
The results showed that MKL performed slightly betthan SVM. All the
evaluation criteria were quantified using a ratsgple of 1-5. Trivedi et al.
(2011) presented an approach for contractor prédapadion for a housing project.
The approach presented there integrates the asaligierarchy process (AHP) to
deal with the multiple prequalification criteriaycathe fuzzy set theory to include

the fuzziness and vagueness characteristics oprnbgualification criteria. Six
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evaluation criteria were considered to apply tr@ppsed approach. However, the
evaluation criteria quantification method was noésented, and the model's
results were not tested and/or validated. Plebankze(2011) proposed a schema
of contractor prequalification that considers tlvener's main objectives: time,
cost, and quality of the work. The schema prest@valuation process in two
stages: “on the standing list” and “per projech’the same paper, a fuzzy model
was presented for the evaluation of the “per ptdjeontractors. The model
Plebankiewicz (2011) developed allows for the eatmlts to present the
evaluation values in linguistic terms, and includegaluations of several
evaluators as well. No specific evaluation critdoa contractor prequalification
were presented for the developed model. Furthermtive model was not

validated.

2.2.2.2 Contractor Prequalification Criteria

Several studies, such as Russell and Skibniew8EB8)1 Holt et al. (1994a),
and Russell (1988), have been conducted to presahiation criteria that can be
used for contractor prequalification. Some addalostudies, such as Russell
(1992), Holt et al. (1994b), and Ng and Skitmorg9@), were conducted to rank
the prequalification criteria according to the impace of each criterion. Ng and
Skitmore (2001) used a cost-benefit analysis tatiflethe appropriate evaluation
criteria for contractor prequalification. Furthemap the North American
Development Bank (2009) presented a note prepavedodvners to provide
information about the criteria that should be cdesed in contractor

prequalification, and included a definition for bacriterion. Egemen and
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Mohamed (2005) presented a study showing diffecdients’ and consultants’
approaches and perceptions of the contractor duh@gprequalification process.
The study concluded that consultants’ needs andaapons regarding contractor
prequalification are significantly different frontients’. Banaitiee and Banaitis
(2006) provided a study that presents the most iitapb contactor evaluation
criteria to improve the prequalification/selectiprocess from the perspective of
the Lithuanian construction industry. Singh andnid2005) developed a study
for identifying the most important contractor seéiec criteria (CSC) from the
perspective of Singaporean construction industgctitioners. It was observed
that the importance of CSC differs not only betweentractors and owners, but
also between private and public owners. Plebankz\{@010) presented analysis
of the main criteria and methods used for contrgatequalification from a Polish
owner’s perspective. The study did not provide amgthodology for contractor
prequalification. However, it presented importantformation for future
contractor prequalification models. Idrus et al0X2) identified and ranked 17
criteria used by owners for contractor selectiorMalaysia. The study showed
that “track performance” was the most importantecion, which includes an
indication that the contractor has the ability grfprm the project, and includes
an evaluation of a contractor's past experience. ddecific model and/or

methodology for contractor prequalification wassamted.
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2.2.2.3 Surety Underwriting

Few studies have been done on the topic of suretgmwriting. Kangari et
al. (1992) presented a quantitative model to priEgushe performance of
construction companies from a financial perspectitée model was not
validated. Kangari and Bakheet (2001) developedteof the major factors that
impact surety underwriting, in addition to five &wation forms to support the
process. However, their study did not provide ahoetto predict the outcome of
the contractor’s performance based on the dataegatlrom the forms. Severson
et al. (1994) investigated discrete choice modelmgredict the likelihood of a
claim occurrence on a construction surety bond.rTi@search considered only
financial evaluation criteria, and was validatedngs40 projects. The discrete
choice model was found to have an accuracy of 87H% study concluded that
other criteria such as experience, past performaarte size and type of project
must also be included in the contractor prequailiion process. Al-Sobiei et al.
(2005) developed a decision-making mechanism tigtassners in predicting the
likelihood of contractor default and in selectinget most suitable risk
management method. Their research also comparedattifecial intelligence
techniques (artificial neural networks [ANNs] anehetic algorithms [GAs]) that
can be used for contractor evaluation models. Eicgtes were used for
validation, yielding a prediction accuracy of 75%sbd on NN training and 88%
based on GA training. Data used to test and va&itta® models were collected
from surety companies. Bayraktar and Hastak (2@)eloped a conceptual,

scoring-based contractor evaluation system thatsiders contractor-specific
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criteria in the three categories of character, ciéypaand capital. Further research
by Marsh and Fayek (2008, 2009, 2006, 2010a, 20ft@)sed on the first phase
of the underwriting process (Sub-section 2.2.2H9y developed SuretyAssist, a
decision support model that incorporates contrespercific evaluation criteria
(character, capacity, and capital). SuretyAssists walidated in thirty-one
historical cases, and a sensitivity analysis waslgoted to select the best system

configuration. The model yielded an accuracy oD84d..

Having identified contractor evaluation from di#et perspectives, the
previous research in the area of construction aotdr prequalification and surety
underwriting provides a point of departure for theveloped DSS presented in
this chapter. A model or a methodology for the sélcphase in the underwriting
process has not been addressed in previous resewrcstudy has integrated
contractor-specific, project-specific, and contrggecific risk evaluation criteria
in the underwriting process. There remains a needaf more structured and
organized contractor/project prequalification deeissupport system, not to
replicate the surety practitioner’s decisions, tautenhance them. This chapter
focuses on the more advanced contractor evalugtimtess during surety
underwriting (the second evaluation phase) whenkisge bonding for a

construction project.

The DSS presented in this chapter fills an impdrtgp in existing models
by presenting a suitable way to integrate the atadn criteria required for the

second phase of the surety underwriting processpaoeides a comprehensive
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assessment tool to assist surety experts in thegilsion-making. Moreover, the
integration of expert knowledge with prequalificati cases (data) to build a
surety DSS (as presented in this chapter) is éivela new research area. Many
of the crucial evaluation criteria for the undetng process depend upon expert
knowledge, many of which contain uncertainty anguiee subjective judgment.
Therefore, incorporating expert judgment into tH@Sis highly important. Many
criteria are qualitative and some are quantitatvembining all of these criteria
into a single assessment tool becomes a complecegsp especially since the
relationships between the criteria are non-linewr @ifficult to determine. Fuzzy
logic, an artificial intelligence technique, camiée uncertainty and subjectivity,
and incorporate both quantitative and qualitativéega into decision-making
models. Combining fuzzy logic with an expert systencreate a DSS that has the
ability to include expert knowledge and subjecfiwve@gment, or intuition, into the
decision-making process advances the state ofrthe &éhe surety underwriting

process (Marsh and Fayek 2010b).

2.3 Development of the Prequalification Decision Suppar

System

2.3.1 Surety Underwriting/Prequalification Criteria

The process of preparing the contractor prequatifa criteria, which are
the DSS’s inputs, was performed in two main stegsillustrated in Figure 2-2.

The first step was to develop an initial list thatluded all the evaluation
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2.3.1.1 Initial List of Evaluation Criteria

As presented in Figure 2-2, the first step to detee contractor evaluation
criteria involved conducting a thorough literatuexiew on previous studies that
related to contractor evaluation in the construrctiaustry. A comprehensive list
was developed to include all the evaluation critehat should be considered for
bonding a contractor for a specific project. Alletlcriteria presented in the
previous studies that related to contactor andeptogvaluation on surety
underwriting (Marsh 2008; Marsh and Fayek 2009; yégu 1985), contractor
prequalification (Russell and Skibniewski 1988;ddirand Tiong 2006; Holt et al.
1994a; Russell 1988 and 1992), and contractor ttmbemodels (Plebankiewicz
2009; Lam et al. 2010; Kangari and Bakheet 200auBrs et al. 2008; Zavadskas
et al. 2008; Abudayyeh et al. 2007; Li et al. 208ifigh and Tiong 2005; Wong
2004; Mahdi et al. 2002; Lam et al. 2001; Holt et1&94b) were included in the
list. Then, several interviews and meetings witlpezis in the surety industry
were held, and historical contractor prequalificatcases were reviewed. Fifteen
historical contractor prequalification cases frorhe t participating surety
underwriting and broker companies were used to rgémedditional evaluation
criteria. For the historical cases, all the docutagon, information, and minutes
of meetings between surety professionals and adptraepresentatives were
reviewed and discussed with the surety expertsietermine the importance of
the collected information in the prequalificatioropess and how it might impact

their bonding decision.
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A group of five surety experts (with no less than years’ experience each)
were selected to participate in the research: tyeres came from underwriting
companies, and three experts came from surety brak@apanies. One of the
participating broker companies is one of the topndgisan surety broker
companies, and handles the accounts for thirteenCafiada’s top fifteen
construction companies. The company has over 560esfin more than 120
countries. The two underwriters had 23 and 10 yehexperience in the surety
industry, and the three brokers had 26, 15, angels of experience in the
surety industry, specifically in construction. Thest stage in developing the
initial list of criteria was to hold fifteen one-ame interviews (three meetings
each) with the five surety experts. Each expert agked to incorporate his or her
thought process when evaluating general contracioid projects for surety
bonding. After these one-on-one interviews and mgset nine group meetings, in
which the experts could interact with each otheerevheld to discuss the
proposed list of evaluation criteria, and add amjptul notes (Hallowell and
Gambatese 2010). The result of this step was a i@rapsive list that
documented factors, found in the literature an@émeined during interviews (104

in total), that pertained to contractor and pro@aluation.

The criteria were divided into three main categarieontractual risks,
project specifics, and contractor’'s organizatiopedctices. Each category had
several criteria and sub-criteria along with guesiand other notes to assist the
surety underwriter/broker. Tables 2-1, 2-2 and Z#ow the contractor

prequalification criteria (under each category) thare included in the initial list
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(at this stage). Surety underwriters must be satisfowards all the project
aspects. Therefore, project aspects included twegodes: (1) the project team,
and (2) project specifics/scope. The project teatagory included the evaluation
of the owner’s experience in construction, fundiagd type (public or private).
The project team category also incorporated théuatian of the subcontractors
and contractor. The periodic evaluation of the @mtor was included,

particularly the financial situation or updated afitial statements of the

contractor. Recent

evaluation of the contractor acdp and financial

arrangements for the current work load were alssicered.

Table 2-1Initial Project Aspects Evaluation Criteria

Project Aspects

Project Team

Owner

Owner Type
Owner Funding
Owner Experience

Architect/Engineer
Architect/Engineer Experience
Architect/Engineer Reputation
Architect/Engineer Liability Insurance

Subcontractors

Subcontractors Bonding or Security
Assigned or Nominated Subcontractors
Owner Conditions about Subcontractors
Scope Gaps between Subcontractors

Contractor

Contractor Current Cash Flow
Contractor Funding
Dividends
Contractor Capacity Background
Organizational capacity
Key Employee Experience
Resources Availapilit
Equipment Availalyilit
Materials @ilability
Labour Availability
Subcontractorailability
ContractoeEgpce
Contract@aCity
Character/RéstrRance
Current Work on Hand

Year End evaluation
Working Capital Trend
Tangible Net Worth Trend
Profitability Trends

Gross Profit Margin Trend
Net Profit Margin Trend
Debt to Equity Ratio Trend
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Project Specifics/Scope
Scope of Work for the ProgbBeoject
Project Type Experience
Project Size Experience
Project Location Expeden
Project Cost Breakdown
Mobilization/Demobiliian



Project Aspects

Project Profitability
Gross Profit Margin
Net Profit Margin
Debt to Equity Ratio

Project Schedule Flexibility
Expected Project Duration
Project Risk
Project Identified Risk
Risk Assessment Analyses

Current evaluation
Financial Aspects

Risk Mitigated Plan

Table 2-2Initial Contractual Risk Evaluation Criteria

Contractual Risk

Contract

Toxic and Hazardous Substance and Materials
Clauses

Form of Contract

Type of Contract - Bid/Proposal
Consultants

Insurance

Subcontractors

Disputes/Arbitration Clauses
Assignment of Cact
Termination of Contract by Contractor Clauses
Termination of Contract by Owner Clauses
Design Concerns Clauses

Contract Clauses

Taxes/Duties Clauses

Payment Clauses

Warranty Clauses

Indemnity Clauses

Changes to Work Clauses

Schedule Extensions and Price Adjustment
Clauses

Concealed or Unknown Conditions Clauses
Damages/Penalties/Bonuses Clauses

Bonding/Security

Insurance by Contractor

Insurance by Contractor BuildRisk
General Liability Clauses

Automobile Clauses

PartiabPancy Clauses
Completion BbefilClauses

Table 2-3Initial Contractor's Organizational Practices Evaluatioite@Ga

Contractor's Organizational Practices

Constructability
Constructability Overview
Applying the Constructability Principles
Constructability Coordinator
Constructability Documentation
Constructability Tracking Method

Expense Form
Expense Register
Communications Management
Communications Process
Communications Roles
CommunicationsggiRéer

Change Management
Change process
Change roles
Change register
Change request form

Project Status Report
Procurement Management
Procurement Process
Procurement Roles
Procurement Register

Past Change Management Performance
Documentation
Justification Procedure
Authorization
Communication Time

Purchase Order Form
Quality Management
Quiality Process
Quality Management Roles
Deliverables Register
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Contractor's Organizational Practices

Project Contract Quality Review Form
Identification Past Quality Management Performance
Evaluation Implementation
Timely Manner Project Reimbursement
Impacts Mitigation Budgeting
Overall Assess Formality
Zero Accident Techniques Communication to Key Person

Proposed Safety Performance QA/QC Manager
Past Safety Performance Corrective Actions

Cost Management Sources of Problems
Cost Management Process Overall Assess
Cost Management Roles
Cost Management Documents

The second main category is contractual risks, lwiscalso evaluated by
the broker and underwriter to ensure that the eatdr is familiar with the project
delivery method and that the clauses in the contaae acceptable from the
contractor’s side. Contractual risks include aneassient of the contract form
(standard verses owner wording) and the contrgu. tContractual risk factors
also include the assessment of different contrd@spects, such as payment,
warranty, toxic and hazardous substances and mlgteend many more that
assess the contactor’s obligations and respongabilaccording to the contract.
The contractor’s organizational practices evalusgeeral project management
areas, including constructability, cost managemeetp accident techniques,
change management, procurement management, conationionanagement,
and quality management. The contractor's orgammati practices include
assessment of the contractor preparation for @ifftmanagement practices for
the proposed project. The contractor's organizatigmactices factor was not
evaluated in the first phase of surety underwritoggause it is related to what

will be done for a specific project.
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2.3.1.2 Relative Importance of Contractor Prequalification Criteria

Due to the large number of evaluation criteria (t@iteria) included in the
compiled list, a filtering process was done for fie by finding the most
important evaluation criteria in the decision-makiprocess. As presented in
Figure 2-2, a questionnaire was developed to déterthe relative importance of
the evaluation criteria (i.e., inputs), meaningrtih@luence at a lower level in the
model on the criteria (i.e., outputs) at a higlesel. The following are samples of
the questions included in the questionnaire:

» What is the influence of the “Owner Type,” “Ownerurfding,” and
“Owner/Owner Agent Experience” on the “Owner” e\aion?
» What is the influence of the “Owner” evaluationutf8ontractors” evaluation,

and “Contractor” evaluation on the “Project Teamal@ation”?

Figure 2-3 shows a part of the questionnaire thas weveloped to
determine the relative importance weight of thelwat#on criteria. A sample of
the questionnaire is presented in Appendix A. Thestjonnaire was distributed
among the five participating surety experts, bulydiour experts responded.
Experts were asked to evaluate the importanceatf eaterion on a scale of 1-7,
with 1 being the least important and 7 being thetnaportant. The seven-point
scale was selected on the basis of its efficieranyd its ability to capture
variations in experts’ opinion, without presentittgp many or too few choices
(leading to vacillation or lost data) (Osgood etl®57). The questionnaire results

were used to identify the most important criteaad to eliminate those with a
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minor impact on the bonding broker’s or underwtggudgment. The score from
each participant for each criterion was given equeight to calculate an average
rating. Equal weight was given to all the particifsa scores, because they all
have substantial experience (ten years or morethén process of contractor

prequalification.

Project Azpects

1.0 Project Team — Which criterion is more/less important?

1.1 Owmer 1 2 34 5 6 7
Crwner Type 1 2 3 4 5 6 7
Funding 1 2 34 5 6 7
Experience 1 2 3 4 3 6 !

1.2 Architect / Engineer 1 2 i 4 3 6 7
1.2.1 Experience 1 2 i 4 3 6 7
1.2.2 Reputation 1 2 I 4 5 6 7
1.2.3 Liability Insurance 1 2 34 5 6 7

1.3 Subcontractors 1 2 3 4 5 6 7
1.3.1 Bonding or Security 1 2 3 4 5 6 7
1.3.2 Assigned or Nominated 1 2 i 4 3 6 7
1.3.3 Owner Conditions 1 2 3 4 5 i 7
1.3.4 Scope Gaps 1 2 3 4 5 6 7

1.4 Contractor 1 2 3 4 5 6 7

Year end evaluation

1.4 1 WCTNW Trends 1 2 3 4 3 6 7
1.4.1.1 Working Capital Trend 1 2 3 4 5 6 7
1.4.1.2 Tangible Net Worth Trend 1 2 3 4 5 & 7

1.4.2 Profitability Trends 1 2 3 4 5 6 7
1.4.2.1 Grozz Profit Margin Trend 1 2 3 4 5 & 7
1.4.2 2 Met Profit Margin Trend 1 2 3 4 5 & 7
1.4.2.3 Debt to Equity Ratio Trend 1 2 3 4 5 6 7

Figure 2-3 Part of the Questionnaire for the Relative ImpartaWeight of the
Evaluation Criteria
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The average ratings were then used to reduce tmberuof criteria, and to
generate the fuzzy rules that logically relate eagput variable (i.e., the
evaluation criteria) to the output variable (i.epntractor/project overall
prequalification). Generation of the fuzzy rulesiglained later in this chapter.
Due to the large number of evaluation criteria &mdhe practical limitations of
fuzzy expert systems, a hierarchical organizatiatalcture was created for the
input criteria, and their number was reduced. Theerea that had an average
importance value of less than 4.0 (a cutoff valeeommended by the surety
experts) on the questionnaire were eliminated. Ademe calculations were done
to provide an indication for the consensus in etpeesponses. A total of 86
criteria, 1% had one difference in rating, 76% loé ctriteria had differences of
only two ratings, and 22% of the criteria had défeces of three ratings, which
indicates non-existence of dispersion in experessponses. Only 1% had
differences of four ratings, and there were neegatthat had differences of 5 or 6

ratings. A sample of the questionnaire resultsés@nted in Table 2-4.

The number of criteria was reduced, leaving 32hefdriginal 104 criteria
to have a high influence on the surety underwrititegision. According to the
surety experts who patrticipated in the study, th@uation criteria that address
both project and contractual risks are the mosomamt evaluation criteria to be
used in the evaluation of general contractors wthery request bonding for
specific projects. Therefore, the evaluation cidtaevere grouped under two main
categories: project aspects and contractual risk.rédcommended by surety

professionals, evaluation criteria under ‘contrdstarganizational practices’
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were dropped from further consideration (at thagetof research). Also, experts
had some recommendations about the hierarchicattste of the evaluation

criteria; they suggested including some criteridarma different category. Figure
2-4 illustrates the hierarchical structure that \daseloped through consultations

with the surety industry professionals.

Table 2-4Sample of the Criteria’s Relative Importance Questaire Results and

Calculations
[%)]

5| 2 |82 |6,./5. ¢

1/2|3|4|5|6|7|2%| 2 | 83 |Eg|sg &

< o g: x | £ < %)

x = =
Project Aspects
Project Team 2 2 4 6.5 6 71 1
Owner 2 2 0 4| 6.5 6 7| 1
Owner Type 3 1 0 4| 6.25 6 7| 1
Owner Funding 3 1 0 4 6.25 6 71 1
Owner Experience 1 P 1 D 4 5 4 6| 2
Architect / Engineer 1 3 ( 4 3.75 3 5| 2
Architect /Engineer Experience 1 |3 0 3.75 3 4] 1
Architect /Engineer Reputation 2 |2 0 3.5 3 4| 1
Architect /Engineer Liability Insurance 1 |3 0 4 3.75 4 1| 3
Subcontractors 3 1 D 4 5.25 5 6| 1
Bonding or Security 3 1 4 6.25 6 71 1
Assigned or Nominated L 3 D 4 3.75 3 4| 1
Owner Conditions 1 3 d 4 3.75 3 4| 1
Scope Gaps 2 P D 4 45 5 6| 1
Contractor 2 2 0 4| 6.5 6 7| 1
Year End evaluation
WC/TNW Trends 2 2 0 4] 6.5 6 7] 1
Working Capital Trend ? P 4 6.5 6 7| 1
Tangible Net Worth Trend 2 12 0 4 6.5 6 71 1
Profitability Trends 4 0 4, 4 6 6| 0
Gross Profit Margin Trend 3 1 O 4 6.25 6 7| 1
Net Profit Margin Trend 4 @ 4 4 6 6| 0
Debt to Equity Ratio Trend g 2 D 4 45 4 5| 1
Project Profitability 1 4 2 0 4| 5.25 4 6| 2
Gross Profit Margin 3 1 4 6.25 6 71 1
Net Profit Margin 4 0 4| 4 6 6| 0
Debt to Equity Ratio 2 1 1 @ 4 1.75 1 3| 2
Current evaluation
Financial Aspects | T I | 1 | BB o 4675 6] 7] 1
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(%))

[0]
112]3)4\5/6/7/28 & | 88 |8 |55 5

x | < = =

Cash Flow 4 0 4/ 7.0 7 71 0
Operating Line 3 1 Qg 4y 4.25 4 5/ 1
Dividends 3| 1 0 4| 1.25 1 21 1
Capacity Background 2 P D 4 15 1 2|1 1
Organizational capacity B [ 0] 4 1.2 1 2| 1
Key Employee Experience 2 |2 0 1.5 1 2| 1
Resources 1 2 1 4 2 1 3| 2
Equipment 1 3 0 4| 1.75 1 2| 1

2.3.1.3 Quantification and Description of the Evaluation Criteria

(DSS'’s Inputs)

The final list of the contractor and project evaio criteria is presented in
Table 2-5. The first main category, “Project Aspgéctincludes the “Project
Team” (“Owner Evaluation, Subcontractor Evaluatiomnd Contractor
Evaluation) and the “Project Specifics/Scope” (BcbjType/Complexity, Project
Size, Project Location, Cost Breakdown, Schedute &roject Risk). Each
subcategory is divided into one or two more levalsdetail. For example, the
“Contractor” evaluation is divided into two categs: Year-End evaluation and
Current evaluation. Current evaluation, in turrs tlaee subdivisions: Cash Flow,

Operating Line, and Work on Hand.
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Owner Funding > Owner |—

Owner/O.Agent Experi

Bonding or Security

Scope Gaps »  Subcontractors |—

Overall Prequalification

Working Capital Trend ProjectTeam

Tangible Net Worth Trend
Gross Profit Margin Trend

Net Profit Margin Trend -Dl Year End Evaludtion '—

Debt to Equity Ratio Trend

Gross Profit Margin

Net Profit Margin

I

Project Aspects

Cash Flow

Operating Line ->| CurrentEvaluation |—

Work On Hand

Type/Complexi
Project Size

Project Location " "™ Overall Confractor
Codl Breaka P Project Specifics/Scope g Qualification

Schedule

Project Risk Mitigation

Contract Form

Payment

Warrant

» Contractual Risk '—

itk e

Indemnit

Schedule ions &
Price Adjustment

ContractClauses

Penaltios /B
P / ld

S

Toxic and Hazardous
Substance and Materials

Disputes/Arbitration
Design Concerns

i

Bonding/Security

Figure 2-4 Contractor Evaluation Criteria Hierarchy

Table 2-5Evaluation Criteria and Method of Assessment (Awad Fayek 2012)

Sub-
Criterion Name Quantification Red Flags Favollfjrable

PROJECT ASPECTS EVALUATION

Owner Evaluation

Owner Type (Public or Private) ‘é - If private Public
Owner Funding Rating Scale of 1-7 E 'é <4 Higher
Owner/Owner Agent Experience Real Numbers(years) 5 4 < Higher
Subcontractors Evaluation

82 . o
Bonding/Security (Subcontractors) Rating Scale-a@f 1 % *é § 'é <4 Higher
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Sub-

Criterion Name Quantification models | Red Flags Favoll#rable
Scope Gaps Rating Scale of 1-7 <4 Higher
Overall (Subcontractors) Prequalification Ratirgls of 1-7 <4 Higher

Contractor Evaluation
Year End Evaluation
Working Capital Trend Real Numbers (percent <10% Higher
Tangible Net Worth Trend Real Numbers (percent) % 0%1 Higher
Gross Profit Margin Trend Real Numbers (percent) é % 0% Higher
Net Profit Margin Trend Real Numbers (percent .U; E <09 Higher
Debt to Equity Ratio Real Numbers (ratio) “i 3 >2:1 Lower
Gross Profit Margin Real Numbers (percent) E <5% Higher
Net Profit Margin Real Numbers (percent) <2% Higher
Current Evaluation .
Cash Flow Rating Scale of 1-7 = _§ _ <4 Higher
Operating Line Rating Scale of 1-7 :g: '% § <4 Higher
Work on Hand Rating Scale of 1-7 E <4 Higher
Project Specifics/Scope Evaluation n
Type/Complexity Rating Scale of 1-7 g' <4 Higher
Project Size Rating Scale of 1-7 % 5 <4 Higher
Project Location Rating Scale of 1-7 5‘% -é <4 Higher
Project Cost Breakdown Rating Scale of 1-7 & -g <4 Eigh
Project Schedule Rating Scale of 1-7 _g, ’ <4 Higher
Project Risk Rating Scale of 1-7 a <4 Higher
CONTRACTUAL RISK EVALUATION

Contract Form \?\;ﬁrgi;d ’o(r)VCvgﬁwrbine {Iv(g;lé?neg; Standard
Contract Clauses Evaluation
Payment Clauses Rating Scale of 1-7 <4 Higher
Warranty Clauses Rating Scale of 1-7 <4 Higher
Indemnity Clauses Rating Scale of 1-7 § <4 Higher
Schedule Extensions and Price Adjustment Clauses tindR&cale of 1-7 g % <4 Higher
Damages/Penalties/Bonuses Clauses Rating Scal& of 1 ‘g E <4 Higher
Toxic and Hazardous Substance and Materials Clauses| Rating Scale of 1-7 ‘g 3 <4 Higher
Disputes/Arbitration Clauses Rating Scale of 1-7 © 4 < Higher
Design Concerns Clauses Rating Scale of 1-7 <4 hetlig
Bonding/Security Clauses Rating Scale of 1-7 <4 ghidi
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The second main category, “Contractual Risk,” idelsl specific criteria to
analyze the contract documents, such as the fowgornifact (Standard, Combined
[which is “Standard” with some modifications], orw@er-Worded), and the
specific contract clauses (payment, warranty, indgmschedule extensions and
price adjustment, damages/penalties/bonuses, éoxichazardous substances and
materials, disputes/arbitration, design concernsgd #&onding/security). The
hierarchical structure of the fuzzy expert DSS enésd in Table 2-5 was used for
three purposes: (1) to reduce the required numberes, because rules in fuzzy
expert systems grow exponentially according tortliaber of input criteria for a
single rule block; (2) to divide the fuzzy exper6® into six smaller systems
(sub-models) to apply the proposed approach for Ieeship function (MBF)
estimation, explained later in this chapter; and {8 provide intermediate
assessments of criteria categories to help idesficific areas for improvement.
In the six smaller systems, groups of lower leveleda provide inputs into
separate rule blocks whose output is higher-leméérmediate variables. These
intermediate variables then form the input for thext layer of intermediate
criteria, until a single output (i.e., overall puadjfication) is obtained. Table 2-5
also presents the scales used to quantify the a@u criteria; the threshold
values (red flags), below which there is a causedmcern for the variable; and
the favourable trends, as suggested by surety tsxddre red flags were created
to enable the broker or underwriter to conductherrtresearch regarding the
variable that creates a red flag. The DSS consithnty-two evaluation criteria:

eight are quantitative, twenty-two are qualitatised two are categorical, such as
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owner type (i.e., public or private). Table 2-5g@Bts the system’s quantitative
criteria, which appear as a percentage (e.g., wgrkapital trend), a ratio (e.qg.,

debt to equity ratio), or a number of years (@wgner/owner agent experience).

A rating scale of 1-7 was created for all the datlie criteria. To reduce
subjective interpretation during the rating of tpealitative criteria, four group
meetings were held, with the participating suretpests interacting with each
other to determine how the values for the qualieatiriteria could be objectively
evaluated. The outcome of these meetings wasd sefierence variables, used to
objectively quantify the qualitative criteria araldefine each scale value (1 to 7)
for each of the qualitative criteria. For exampeset of six reference variables
were used to define the predetermined rating oalne “Project Risk” criterion:
(1) prepared project risk profile, (2) quality ofopect risk assessment (3) effect
on the project cost and time, (4) contingency ass&nt, (5) prepared risk

mitigation plan, and (6) existence of a risk mamaget team.

Project Aspects

There are 22 evaluation criteria to evaluate ptopspects; 9 of these
categories are guantitative and 13 are qualitafilee first subcategory under
project team category is project owner, which idelsi three evaluation factors to
evaluate risk related to the project owner. Then@wype factor can be public or
private, while the Owner funding factor indicates tevel of satisfaction towards
the owner’s funding ability. A seven-point ratingate is used to rate the owner
funding. Using rating scales to quantify criterieed not reduce the subjectivity
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unless the scales are predefined and relative Baséise decision are provided

(Marsh 2008). By creating predetermined rating escahnd providing sub-

variables or reference points, the decision proeessid be modeled the most

accurately. For instance, to evaluate the ownedifighcriterion, there are five

reference points to decide the rate: (1) fundingitpb(2) the existence of a

financial responsibility clause on the bid documdB) confirmation of project

financing, (4) type of confirmation provided, and5)( the surety

underwriter’s/broker’s overall satisfaction regaglithe owner’s ability to fund

the project. Then, the predetermined rating seal®iner funding can be used as

described in Table 2-6.

Owner/ Owner agent experience is an example ofgttantitative criteria

under the owner sub-subcategory. “Owner/Owner ageperience” refers to the

number of years of experience that the owner or eswagent has in the

construction industry.

Table 2-6Predetermined Rating Scale for Owner Funding

Rating | Description

1 INADEQUATE funding ability, No financial responsility clause on bid document, No
confirmation of project financing, and LOW suretyderwriter/broker satisfaction

2 ADEQUATE funding ability, No financial responsiliifi clause on bid document, No
confirmation of project financing, and LOW suretyderwriter/broker satisfaction
ADEQUATE funding ability, AVERAGE financial respoifdity clause on bid

3 document, No confirmation of project financing, ab@W surety underwriter/broker
satisfaction
ADEQUATE funding ability, GOOD financial respondibj clause on bid document,

4 POOR confirmation of project financing, and LOW eiyr underwriter/broker

satisfaction
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Rating | Description

ADEQUATE funding ability, GOOD financial respondibj clause on bid document,
5 AVERAGE confirmation of project financing, and AVB&E surety
underwriter/broker satisfaction

ADEQUATE funding ability, GOOD financial respondibj clause on bid document,
6 GOOD confirmation of project financing, and AVERAGHrety underwriter/broker
satisfaction

VERY ADEQUATE funding ability, GOOD financial respsibility clause on bid
7 document, GOOD confirmation of project financing,nda HIGH surety
underwriter/broker satisfaction

Under the subcontractor sub-subcategory there Aareet qualitative
evaluation criteria: “Bonding or Security,” whick an average rating given to
describe the bonding and security for subcontractovolved on the proposed
project; “Scope Gaps,” which indicates if the gaheontractor ensured that there
are no scope gaps on the assigned subcontracts;Quadall Subcontractors’
Prequalification,” which indicates the assignedcsutiractors’ evaluation. Table
2-7 presents the predetermined rating scale usedutmtify the “Overall
Subcontractors’ Prequalification” criterion. Thelléaving five reference points
were used for defining each rating point: (1) elgreze, (2) capacity (availability
of the required resources), (3) relationship wille tontractor, (4) the policy

around prequalifying subcontractors, and (5) bogdin

Table 2-7Predetermined Rating Scale for Overall (Subcontragt
Prequalification

Rating | Description

POOR experience, POOR capacity, POOR relationstiip the contractor, POOR
prequalifying policy, and No bonding

AVERAGE experience, POOR capacity, POOR relatigmshith the contractor,
POOR prequalifying policy, and No bonding
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Rating | Description

3 AVERAGE experience, AVERAGE capacity, POOR relasioip with the contractor,
POOR prequalifying policy, and have bonding

4 AVERAGE experience, AVERAGE capacity, AVERAGE rétaiship with the
contractor, AVERAGE prequalifying policy, and havending

5 GOOD experience, AVERAGE capacity, AVERAGE relaship with the contractor,
GOOD prequalifying policy, and have bonding

6 GOOD experience, GOOD capacity, AVERAGE relatiopskiith the contractor,
AVERAGE prequalifying policy, and have bonding

7 GOOD experience, GOOD capacity, GOOD relationshiin whe contractor, GOOD
prequalifying policy, and have bonding

As noted above, the contractor sub-subcategory evaisled into two
categories “year-end evaluation” and “current eatdn.” The year-end
evaluation category is used to evaluate the latestractor’s yearly financial
performance, and includes seven quantitative @ites follows: (1) “Working
Capital Trend,” which is the percentage of incremsdecrease of working capital
(i.e., assets minus liabilities) over a given tipexiod; (2) “Tangible Net Worth
Trend,” which is the percentage of increase orekes® of tangible net worth (i.e.,
reduction in net worth) over a given time peridgl; (Gross Profit Margin Trend,”
which is the percentage of increase or decreas¢hefgross profit margin
([revenue - cost of sales] / revenue) over a gitnere period (i.e. the previous
year); (4) “Net Profit Margin Trend,” which is thgercentage of increase or
decrease of the net profit margin (net profit alkates / net sales) over a given
time period; (5) “Debt to Equity Ratio Trend,” whics the percentage of increase
or decrease of the debt to equity ratio (total debtuity) over a given time

period; (6) “Gross Profit Margin,” which assessesfipability ([revenue - cost of
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sales] / revenue); and 7) “Net Profit Margin,” wiassesses profitability (net

profit after sales / net sales).

The contractor evaluation category includes anosiscategory which is
“current evaluation”. The “current evaluation” evates the current situation of
the contractor regarding (1) cash flow, (2) opatine, and (3) work on hand.
“Cash flow” is used as a measure of the contractonpany's financial health,
which equals cash receipts minus cash paymentsaogeren period of time. The
contractor should provide cash flow for the progbpeoject and all projects on
hand. “Operating line” reflects the funding abildy the contractor, while “work
on hand” is a factor that indicates the evaluatéeel of satisfaction with the

current contractor's workload.

The last category to evaluate the project aspeds “Project
Specifics/Scope.” Six evaluation criteria are usedeflect the risk around the
project scope. “Type/Complexity” is a factor thaeflects the extent of differences
and similarities (in type and complexity) betweemjects that the contractor
carried out in the past and for the proposed ptojderoject Size” is a factor that
reflects the extent of differences and similariiessize) between projects that the
contractor carried out in the past and for the psegl project. “Project Location”
is a factor that reflects the contractor’'s famitiawith the proposed project’s
location and environment. “Cost Breakdown” is atda that reflects the surety
broker’'s/underwriter’s satisfaction toward the piaijcost breakdown (i.e., labour,

material, equipment, and subcontract). “Schedute’aifactor that reflects the
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surety broker’'s/underwriter’'s satisfaction towale tproject schedule. “Project
Risk” is a factor that reflects satisfaction towapdoject risk aspects (risk
identification, risk assessment analyses, andmiglgation plan). To define the
predetermined rating scale for “Project Risk” aide, six reference points are
used: (1) prepared project risk profile, (2) goanef project risks assessment,
(3) effect on the project cost and time, (4) coggincies assignment, (5) prepared
risk mitigation plan, and (6) existence of risk ragament team. Table 2-8
presents the predetermined rating scale used tatiuahe “Project Risk”

criterion.

Table 2-8Predetermined Rating Scale for Project Risk

Rating | Description

POOR risk profile, POOR risks assessment, HIGHceftem the project cost and time,
1 POOR contingencies assignment, POOR risk mitigaptam, NO existence of risk
management team and LOW surety underwriter/brogtisfaction

AVERAGE risk profile, AVERAGE risks assessment, HH&ffect on the project cost
2 and time, POOR contingencies assignment, POORTmisgation plan, NO existence of
risk management team and LOW surety underwritekéarsatisfaction

AVERAGE risk profile, AVERAGE risks assessment, AREGE effect on the project
3 cost and time, AVERAGE contingencies assignmentQRQisk mitigation plan, NO
existence of risk management team and LOW surefgmwriter/broker satisfaction

AVERAGE risk profile, AVERAGE risks assessment, AREGE effect on the project
cost and time, AVERAGE contingencies assignmentERRGE risk mitigation plan,
existence of risk management team and AVERAGE sgunaetderwriter/broker
satisfaction

GOOD risk profile, GOOD risks assessment, LOW dffat the project cost and time,
5 AVERAGE contingencies assignment, AVERAGE risk gation plan, existence of risk
management team and AVERAGE surety underwriteréarshtisfaction

GOOD risk profile, GOOD risks assessment, LOW dffat the project cost and time,
6 GOOD contingencies assignment, GOOD risk mitigatiglan, existence of risk
management team and AVERAGE surety underwriteréarshtisfaction

GOOD risk profile, GOOD risks assessment, LOW dffat the project cost and time,
7 GOOD contingencies assignment, GOOD risk mitigaptan, existence of GOOD risk
management team and GOOD surety underwriter/bisdtisfaction
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Contractual Risks

There are ten evaluation criteria to evaluate thatractual risks. Nine of
these categories are qualitative, and the remaioireg referred to as “contract
form,” is categorical, and can be either standasdner-worded, or combined.
The nine qualitative evaluation criteria are useduantify the risk in the contract
clauses. “Payment” is a factor used to reflectahaluator’s satisfaction towards
the conditions under which payment will be madevimrk completed during a
portion of a construction period. “Warranty” idactor that reflects satisfaction
toward project warranty (i.e., a guarantee of titegrity of the project and of the
contractor’'s responsibility for the replacementegrair of deficiencies) terms and
clauses. “Indemnity” is a factor that reflects sfattion toward project indemnity
(i.e., possible exemption or compensation claimaddamage, loss, or injury
suffered by the other party) terms and clausesché8ule Extensions and Price
Adjustment” is a factor to reflect satisfaction &nd project schedule extensions
and price adjustment conditions, in case of delaytside of the contractor’s
responsibility. “Damages/Penalties/Bonuses” iq@dr that reflects satisfaction
toward terms and clauses related to project-ligedladamages, penalties, and
bonuses “Toxic and Hazardous Substances and Matega factor that reflects
satisfaction toward the responsibility of using d@oyic and hazardous substances
and materials during project construction. “Dig®sdArbitration” is a factor that
reflects satisfaction toward the conditions andcpdures to be followed in case
of disputes and/or arbitration during project camstion. “Design Concerns” is a

factor that reflects satisfaction toward any castoa design responsibilities
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included in the contractual clauses or terms. “Bogtbecurity” is a factor that
reflects satisfaction toward bonding and securitgluded in the contractual
clauses or terms. An example for developing thelgteymined rating scale for
the criteria under the contract clauses categoryP@syment.” To define the
predetermined rating scale for the “Payment” daterthere are eight reference
points used: (1) payment terms; (2) the architéatgineer's role to make changes
in the work, payment approval, substantial comptetand completion; (3) owner
approval in the payment process; (4) the entirara process and timing; (5)
payment for materials on site; (6) holdback amogn;holdback releasing; and
(8) in the case of a project requiring several pbBaseceiving holdback upon
completion of each phase. Table 2-9 presents theepgrmined rating scale used
to quantify the “Payment” criterion. Appendix B pemts sample of the
description, definition, and quantification of tlaluation criteria considered

here within the questionnaire developed for mentbprsinction estimation.

Table 2-9Predetermined Rating Scale for Payment

Rating | Description

POOR payment terms; POOR payment process and tiraimitect/engineer's role to
changes in the work, payment approval, substaatiaipletion, and completion is NOT
CLEARLY defined; UNREASONABLE holdback amount; NOINCORPORATED
payment for materials on site; if project makessaperal phases, the contractor NOT
ABLE TO receive holdback upon completion of eachag#) and LOW surety
underwriter/broker satisfaction

AVERAGE payment terms; AVERAGE payment process @amihg; architect/engineer's
role to changes in the work, payment approval, tautisl completion, and completion is
NOT CLEARLY defined; UNREASONABLE holdback amount; NOT
INCORPORATED payment for materials on site; if gatjmakes up several phases, the
contractor NOT ABLE TO receive holdback upon cortiple of each phase; and
AVERAGE surety underwriter/broker satisfaction
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Rating | Description

AVERAGE payment terms; AVERAGE payment process tméhg; architect/engineer's
role to changes in the work, payment approval, tauisl completion, and completion is
SOMEWHAT CLEARLY defined; REASONABLE holdback amaun NOT
INCORPORATED payment for materials on site; if paij makes up several phases, the
contractor NOT ABLE TO receive holdback upon cortiple of each phase; and
AVERAGE surety underwriter/broker satisfaction

GOOD payment terms; GOOD payment process and tinainthitect/engineer's role to
changes in the work, payment approval, substamshpletion, and completion is
SOMEWHAT CLEARLY defined; SOMEWHAT REASONABLE holditk amount;
NOT INCORPORATED payment for materials on site;pifoject makes up several
phases, the contractor ABLE TO receive holdbacknupampletion of each phase; and
AVERAGE surety underwriter/broker satisfaction

GOOD payment terms; GOOD payment process and tinainthitect/engineer's role to
changes in the work, payment approval, substamighpletion, and completion is
SOMEWHAT  CLEARLY defined; REASONABLE holdback  amdun
INCORPORATED payment for materials on site; if gatjmakes up several phases, the
contractor ABLE TO receive holdback upon completadreach phase; and AVERAGE
surety underwriter/broker satisfaction

VERY GOOD payment terms; GOOD payment process anuhd; architect/engineer's
role to changes in the work, payment approval, taubigl completion, and completion is
CLEARLY defined; REASONABLE holdback amount; INCORRATED payment for

materials on site; if project makes up several ehathe contractor ABLE TO receive
holdback upon completion of each phase; and AVERASBEety underwriter/broker
satisfaction

VERY GOOD payment terms; VERY GOOD payment processd timing;
architect/engineer's role to changes in the waalgment approval, substantial completion,
and completion is VERY CLEARLY defined; VERY REAS@BLE holdback amount;
INCORPORATED payment for materials on site; if paij makes up several phases, the
contractor ABLE TO receive holdback upon completidreach phase; and HIGH surety
underwriter/broker satisfaction

2.3.2 Membership Function Estimation

Membership functions (MBF) describe and represiemtfuzzy expert DSS
input and output evaluation criteria, and the lisga terms used for each
criterion. The membership value indicates the degifebelonging of an element
on the relevant scale to the linguistic terms. Mersbip values are between 0 and
1, where a value of 0 indicates non-membership,andlue of 1 indicates full

membership. Estimating MBF is a vital step in dreaany fuzzy system, and the
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success of the system depends on it. However, MBfation is one of the most
challenging aspects in designing fuzzy systemss ldifficult to evaluate the
correctness of the MBF by using any particular méthin addition, the
techniques used for estimation need to be flexsbléhat the MBF can be easily
adjusted, or tuned, to optimize the system'’s paréorce. Moreover, the choice of
the MBF estimation method depends on the natutbeoproblem and the type of
data available (Medasani et al. 1998; Pedrycz aadhiGe 1998; Civanlar and
Trussell 1986; Klir and Yuan 1995). Medasani et(4998) pointed out that, for
most applications, several methods must be incatpdrto construct MBF,
because many methods are difficult to use in prakapplications, and because,
generally, the applications are unique. Developimg context in which these
methods will be applied is crucial (Klir and Yuaf9b), and must be considered

before deciding on which method is appropriate.

In building predictive models, such as a fuzzy ex@SS, and especially
for MBF estimation, there are two approaches tlzat be followed. The first
approach is to use expert knowledge, if a groupsudject matter experts is
available. For example, in fuzzy membership funcestimation, the membership
values are assigned subjectively by experts, bagetheir knowledge and past
experience. The second approach is to use a sesedrch-related data to build
the model. The design of the model components vemed by using historical
and documented data that represent the researblepradomain. For example, in
fuzzy MBF, the fuzzy membership values are caledldtom collected data (i.e.,

cases).
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Surety professionals do not currently document ealaluation (input)
criteria used for the proposed DSS. Thereforeetlaee no data that can be used
for MBF estimation. In order to consider the issfieevaluation of MBF quality
or correctness, a number of hypothetical contraptegualification cases were
developed to be used in the estimation of MBFsint&tion of the MBF for the
proposed DSS occurred in two steps. The first stepd expert knowledge
(knowledge-based initial estimation step) to itigiastimate the MBF, and the
second step used the developed contractor preigatibh cases (data integration
step) to evaluate the quality of the estimated MBFefore the MBF estimation
process began, the participating experts were tiasan the most appropriate
linguistic terms to describe the input and outpatiables, and on the numerical

values used to quantify the variables.

2.3.2.1 The Knowledge-Based Initial Estimation Step

The first step in the process of MBF estimationdutbes Horizontal Method,
a traditional MBF estimation technique that depemexpert knowledge. During
this step, a second questionnaire was createdtitoats the initial membership
functions for the input evaluation criteria. Theegtionnaire contained questions
about the proposed values of the elements of eaxtyfset and the degree of
membership of each value in the linguistic termstifi@ input evaluation criteria.
Figure 2-5 shows a sample of the developed quewtios for membership
function estimation using the Horizontal Method. ofmer sample of the

guestionnaire is presented in Appendix B.
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2. Owner / Owner Agent Experience urety Bong
>

“Owner / Owner Agent Experience” is the years of experience that the owner or owner agent I Conpeasiion

has in construction industry.

1. How many YEARS of experience would classify an Owner as having POOR
Construction Experience? Please check all applicable boxes.

siEiEIEEEIEIEEEEEEENE

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

2. How many YEARS of experience would classify an Owner as having AVERAGE
Construction Experience? Please check all applicable boxes.

Q||@||a| |@||@ |@] |@| |@| |@] |@| /@] @] |[@] @ |a

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

3. How many YEARS of experience would classify an Owner as having GOOD
Construction Experience? Please check all applicable boxes.

siEiEiEEIEEIEEEEEEEE

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Comments:

Figure 2-5Part of the Membership Function Estimation Quesizore

After being asked to identify a collection of elamgin the universe of
discourse for each criterion, the experts were Hsked to answer some yes or no

guestions in the form “Doeg belong to the concept of fuzzy set A?” (Pedrycz
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and Gomide 2007). For each valug the number of positive (yes) answers was
counted, and the ratio of the positive answerséototal number of replies was

computed using Equation 2-1.
P(x
Ax) =20 [2-1]

whereP(x;) is the number of positive replies of the totahmnerN responses, and
A(x) is the membership value for the elementThis ratio was treated as a
membership degree of the concept, at the givert pbithe universe of discourse.
Figure 2-6 shows an example of the estimated MBFRf® “Owner/Owner Agent
Experience” evaluation criterion using the horianimethod. The x-axis
represents the scale used to quantify the evatuatiderion (i.e., number of

years), and the y-axis represents the correspomdergbership value.

1 & o o & A
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0.8 \ /
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g 0.3 \\ /
02 X /
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0 -—‘—v—‘—v—‘—v—‘—v—‘—v—‘—v—‘—;—v—é—.—v—‘—v—.—v— i i i —

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Number of years

== POOR AVERAGE ==#=GOOD

Figure 2-6 Example of Estimated Membership Function (Owner/@whgent
Experience Evaluation) Using the Horizontal Method
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2.3.2.2 Data Integration Step

The second step in the MBF estimation process usedy-three
hypothetical contractor prequalification casesdlea the best solution from the
previously calculated MBFs, as will be explainedefain this chapter. The
evaluation criteria representing the input to tt&SDwere divided into six groups
representing the inputs of six sub-models, as pteden Table 2-5 and illustrated
in Figure 2-7. Each sub-model was named accordingstoutput (evaluation),
and contains a number of input criteria. The ewauacriteria for the six sub-
models represent all the evaluation criteria preeseim Table 2-5, except for the
contract form criterion, which has no level of ewatlon criteria below it. The
contract form criterion is also represented bypc(discrete) values, so it does not

need membership functions for its linguistic terms.
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i Bonding.or Security i Owner Type !
i Scope Gaps bl Owner Funding !
] Overall Pregualification i  Owner/Owner Agent Experience

Subcontractors | | Owner
Working Capital Trend !
Tangible Net Worth Trend
Gross Profit Margin Trend Overall Contractor i Cash Flow
Net Brofit Marain Trend | | Year End Evaluation|<— Qualification Model —>| Current Evaluation |t Operating Line
Debt to Equity Ratio TrenH (Fuzzy Expert System) ; Work On Hand
Gross Profit Margin___
Net Profit Margin i
Contract Clauses Project Specifics/Scope
] Payment Pl Type/Complexity i
i Warranty o Project Size i
] Indemnity P Project Location i
Schedule Extensions & | CostBreakdown____t
Price Adjustment | Schedule i
: Damages/Penalties/Bonuses ™ Project Risk Mitigation |

Toxic and Hazardous i
Substance and Materials

Disputes/Arbitration
Design Concems
Bonding/Security

Figure 2-7 Six Sub-Models of Overall Contractor PrequalifioatDSS
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Membership Value

0.9 1
0.6
0.7
0.6 1
05 1
0.4 1
031
0.2 1
0.1 1

2.3.2.2.1Membership Function Interpolation

After the initial MBFs’ estimation using the Horizal Method, the
estimated MBFs were then transformed (interpolatedyvo of the most practical
and commonly used shapes: triangular and trapdz(sitagh and Tiong 2006).
Figures 2-8(a) and (b) illustrate an example of MF interpolation process
(linear approximation). According to the approximatprocess, several solutions
were found to represent the calculated membersimptibns for each linguistic
term. All approximated shapes (whether triangulatrapezoidal) for the actual
data were considered as alternative solutions.tditget of this step was to select
the most appropriate shapes and parameters forsnd8Fs for developing the
DSS. The selection process depended on the produatian objective value to

measure the performance status for each solution.

Membership Value

1 2 3 4 5 6 7
Rating Scale

=8=PO0R =0=AVERAGE = GOOD

1% B )

Figure 2-8(a) Project Type/Complexity Initial Membership Ftino Estimated
by Horizontal Method; (b) Interpolation of Projéictpe/Complexity Membership
Function (Awad and Fayek 2012)
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The triangular and trapezoidal MBF were describsidgifour parameters,
a, b, ¢, and d; in triangular functionsb =c. All the possible linear
approximations for the MBFs were investigated. €&bi10 shows an example of
ten different possible solutions for the “Ownerbsmodel. For example, in the
first solution, under the “Owner Funding” criterigdhe “POOR” linguistic term is
represented by a trapezoidal MBF with the paramelerl, 2.5, and 5; the
“‘“AVERAGE" linguistic term is represented by a trgadar MBF with the
parameters 2, 5, 5, and 7; and the “GOOD” lingaistirm is represented by a
trapezoidal MBF with the parameters 5, 6.75, 7, and the “Owner” sub-model,
the solutions represented only two sub-criteria: wi@r funding” and
“Owner/Owner Agent Experience.” The third sub-aidga, “Owner Type,” was

represented using discrete values.

2.3.2.2.2Testing Alternative Solutions for Sub-models

Linear approximations for the calculated MBFs wpezformed for each
sub-model; some had ten solutions, such as “Sutamiots” and “Year-End
Evaluation,” while other sub-models had only sixutons. Each sub-model was
investigated as a separate model, in order to ts#lecbest MBF representation
for the sub-model input criteria. All of the difart solutions for each sub-model
were implemented using a fuzzy expert system stielzzyTECH (Inform

GmbH 2005).
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Table 2-10Membership Function Solutions for Owner Sub-Modeléd and

Fayek 2012)
Solution No. 1 2 3 4 5 6 7 8 9 10
- —————— ————— ——— ——— ———————|
al 1 1 101 ] 1] 1 1 |1 1 | 1
b| 1 1 1 1] 11 1 |1 1 | 1
POOR m12e 2 28 2 |28 2 | 28 [ 2 |28 2
=2 d| 5 5 5 | 5 | 5 | 5 5 | 5] 5 | 5
= al 2 2 | 2E[2E| 2 | 2 | 2E |[2E| 2 | 2E
5 b| 5 5 5 | 5| 5 | 5 5 | 5] 5 | 5
LL
5 AVERAGE I~ =5 5 5 | 5 | 5 | 5 5 | 5] 5 | 5
= d| 7 7 | 6767|6767 7 | 7|67 7
S al| 5 | 4E | 5 | 4E| 5 | 4E| 5 |4E| 4E]| 5
c b|6.75| 7 |6.75| 7 |6.75| 7 | 6.7 | 7 | 7 |6.7¢
% GOOD % 7 7 71 717 7 |71 7 7
E d| 7 7 7 7 7 |7 7 |77 7
>
L; o al] 0 0 0] 0] 0] O 0 0] 0] 0
[
S| 5 b| 0 0 0] 0] 0] O 0 0] 0] 0
- 3 POOR m1 3 138 28 3 | 4 36 3 [ 4| 3 | 2¢
z d| 7 7 7 | 8 | 6E| 7 8 |6E| 8 | 7
- al 3 3 3 | 3 | 4E | 4E | 4E | 3 | 45| 3
o b| 7 8 7 1 7 | 7 | 7 7 |7 7 [ 7
[@))
< AVERAGE " 8T8 7t [ 7 |87c] 8 (87| 7 | 8] 8 | 9
o dl 12 | 12 [ 12 [ 12 | 12 | 12 | 12 [ 13| 13 |11
B al 8 8 8 | 9 | 8 | 8 8 | 8] 8 | 9
2 b| 12 | 12.78| 11.7| 11.5| 12 | 11.7| 12.75| 12 | 11.7 | 11.
% GOOD ¢ 15| 15 | 15| 15 | 15 | 15 | 15 | 15| 15 | 15
S d| 15| 15 | 15| 15 | 15 | 15 | 15 | 15| 15 | 15

Surety underwriters and brokers do not currentlgudieent all evaluation

criteria (inputs) that were established in thisdgtu Therefore, ninety-five

hypothetical cases were created, to cover theréube of possible contractor

evaluation scenarios. Figure 2-9 shows part ofdiénveloped form to collect the

hypothetical contractor prequalification cases. fhiods (63) of the cases were

used for the DSS development stage, while one-t{82) was used for the

validation and sensitivity analysis stage. Eachthaf participating experts was
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asked to develop input values for cases he or slieved would most likely

happen in reality.

The cases were distributed among the experts, wdre asked to provide
the appropriate output values according to thetiyalues. As a result of this
process, each of the hypothetical cases contaihedvalues of each input
evaluation criterion, and the corresponding sub-ehodtput value, in addition to
the corresponding overall prequalification valuable 2-11 presents a sample of
the contractor prequalification cases (5 caseg)hEase includes values for each
evaluation criteria, and surety experts provided #@mssessment for all the
intermediate outputs in addition to the overall tcactor prequalification. For
example, in the “Current Evaluation” sub-modelthié “Cash Flow,” “Operating
Line,” and “Work On Hand” values are 2, 5, andespectively, then the “Current
Evaluation” output value is 4 (as determined byesuexperts according to the

input values).
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ourety Bong,
S
3 ~
/n Constructio®™

Case Collection Form for General Contractor Qualification

SuretyQualification Model

Owner Type D PUBLIC . PRIVATE |
Owner Funding 1

Owner/O.Agent Experience 5 Years

Bonding/Security 1

(Subcontractors)

Scope Gaps (Between 1

subcontractors)

Overall (Sub;ontractors) 4

Prequalification

Working Capital (Leverage) 26% T
'(I'La:vgelrb;el\;et Worth 19 %

Gross Profit Margin Trend 20%

Net Profit Margin Trend 19% —
Debt to Equity Ratio 1.7:1

Gross Profit Margin 10%

Net Profit Margin 9% J

Cash Flow

Operating Line

Work On Hand 2

Type/Complexity 2 Y
Project Size 3

Project Location 4

Cost Breakdown 5

Schedule 2

Project Risk 3

Owner

3

Year End Evaluation
(0,

Current
Evaluation
N

1=

Subcontractors
I-i

Contractor
w

Project Team

Project Aspects

|

Project
Specifics/Scope

Figure 2-9 Part of the Developed Form to Collect the HypottatContractor

Prequalification Cases
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Table 2-11Sample of the Developed Contractor Prequalifica@ases Including

Experts’ Evaluation

Case Number [ 1 [ 2 | 3 | 4 [ 5

Owner Type

Private

Public

Public

Publi

C Private

Owner Funding

6

4

Owner/Owner Agent Experience

11

10

Owner

Bonding/Security (Subcontractors)

3

Scope Gaps

Overall (Subcontractors) Prequalification

Subcontractors

Working Capital Trend

Tangible Net Worth Trend

Gross Profit Margin Trend

Net Profit Margin Trend

Debt to Equity Ratio

1.7:1

1.6:1

3.5:1

Gross Profit Margin

Net Profit Margin

Year End Evaluation

Cash Flow

Operating Line

Work On Hand

Current evaluation

Contractor

Project Team

Type/Complexity

Project Size

Project Location

Cost Breakdown

Schedule

Project Risk

Project specifics/scope

Project Aspects

Payment

Warranty

Indemnity

w|o|w|o |0

Schedule Extensions and Price Adjustmen

!

(€]

Damages / Penalties / Bonuses

Toxic and Hazardous Substance and
Materials

Disputes / Arbitration

5

Design Concerns

5

Bonding/Security

3

Contract Clauses

6

Contract Form

Combined

Standard

Combine

xd Stand

ard  Owner Wording

Contractual Risk

1

6

5

3

5

Overall Contractor Qualification

1

5

6

2

5
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All the alternative solutions for each sub-moderevdeveloped using the
same configuration (rule base, rules’ degrees gipsu, fuzzy operator,
implication method, rule aggregation method, defication method). The only
difference between each solution for the same sodeinwas in the MBFs that
represent the input criteria. Each sub-model wagldmented using a fuzzy
expert system shell, FuzzyTEEHInform GmbH 2005). The structures of the
sub-models in FuzzyTECHarepresented in Figures 2-10 to 2-15. A comparison
between the accuracy of the different solutionsetfoge reflects the quality of the

membership functions.

WA DwnerT_l,lpe}\ RE1

- DwrnerTppe Owner Lo
oA DwnerFundl...}—\_\ DwnerFundin_g Elwnerf—’l .cE;‘D-J
W 0_0A Ewp. || D-DAERperience [ i o

Figure 2-10The Structure of Owner Evaluation System (Sub-Mpdel

% & BonSecSubc RE1

oA ScnpeGapsH BonSecSube Subcontractors ——|Sul:u:|:|ntra|:... '?EL\J

ScopelGaps

n T OversuboP. }_ﬂ_,./f OwerSubcPreq IiMin.-"MaH

Figure 2-11The Structure of Subcontractors Evaluation Systeuaib{Model)

B whorCapitTr RE1

WhorCapitTr
[ TangMetwiarthTr WE_THW_GPM
W GrassPMar, |- GrossPMargTr Min/Max =T

Wi _THwW _GPM  YeaEndEwval —YearEndEval Calim,
W MetPidargTr REZ MNPM_DTO_GP... Wir
I as

% % DebtTEqRa... MetPMargTr

DebtTEqRatio MPM_DTO_GP...
LA i GrossProf... GrossProftarg
E E NelPrnfMargF‘” NetProfidarg Min/Max

Figure 2-12The Structure of Year-End Evaluation System (Sulm&lp
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Cazh_Flow
Operating_Line
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Figure 2-13The Structure of Current Evaluation System (Sub-&pd
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Figure 2-14The Structure of Project Specifics/Scope EvaluaBgstem (Sub-

Model)
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Figure 2-15The Structure of Contractual Risk Evaluation Sys(8omb-Model)

to predict the output value. For example, sixtyethhypothetical cases containing

values for “Cash Flow,” “Operating Line,” and “WofBn Hand” were presented

The values of the input evaluation criteria werespnted to each sub-model

to the “Current Evaluation” sub-model to predicte tlvalue of “Current

Evaluation.” A comparison was made between theigied output values and

actual output values (developed by participatingegts). The average percent
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error of each solution for each sub-model configarawas calculated using

Equation 2-2 (Marsh 2008).

o |Predicted Output;— Actual Value;|
i=1| Actual Value; [

X 100 2-2

Average Percent Error = —

where “Predicted Output” is the output value preddy the model according to
the inputs values for each case, “Actual Value’the output value by the
underwriter or broker for each casas the individual case number, ands the

total number of cases. A sample of the averageeperrror calculated for three

alternative solutions for the “Owner Evaluation’bsonodel is presented in Table

2-12, as an example.

Table 2-12Samples for Testing the Alternative Solutions fae& Owner

Evaluation Sub-model

Case Error Error Error

Number Owner | Alt_1 Percentage Alt_2 Percentage AlL3 Percentage
1 2 1.75 12.50% 1.75 12.50% 1.75 12.50%
2 5 4.00 20.00% 4.50 10.00% 4.00 20.00%
3 3 3.97 32.45% 3.37 12.45% 3.97 32.45%
4 7 6.22 11.10% 6.22 11.19% 6.22 11.10%
5 2 1.75 12.50% 2.13 6.31% 1.75 12.50%
6 5 5.21 4.21% 5.22 4.47% 6.22 24.47%
I 2 1.75 12.50% 1.75 12.50% 1.75 12.50%
8 5 4.00 20.00% 4.00 20.00% 4.00 20.00%
9 5 3.97 20.53% 3.97 20.53% 3.97 20.53%
10 7 6.22 11.10% 6.22 11.19% 6.22 11.10%
11 2 1.75 12.50% 1.75 12.50% 1.75 12.50%
12 6 5.00 16.67% 5.00 16.67% 4.00 33.33%
13 3 3.96 32.01% 3.35 11.67% 3.97 32.45%
14 7 6.22 11.10% 6.22 11.10% 6.22 11.10%
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Case Error Error Error
Number Owner | Alt_1 Percentage Alt_2 Percentage AlL3 Percentage
15 4 4.00 0.00% 4.00 0.00% 4.00 0.00%
16 5 6.21 24.21% 5.22 4.47% 6.22 24.47%
17 2 1.75 12.50% 1.75 12.50% 1.75 12.50%
18 4 4.00 0.00% 4.00 0.00% 4.00 0.00%
19 3 3.97 32.45% 3.89 29.67% 3.97 32.45%
20 5 5.22 4.47% 5.22 4.34% 6.22 24.47%
21 3 1.75 41.67% 2.13 29.13% 1.75 41.67%
22 7 4.00 42.86% 6.00 14.29% 4.00 42.86%
23 5 6.21 24.21% 6.22 24.47% 6.22 24.34%
24 2 1.75 12.50% 1.75 12.50% 1.75 12.50%
25 5 4.00 20.00% 5.00 0.00% 4.00 20.00%
26 3 3.97 32.45% 3.97 32.45% 3.97 32.23%
27 6 6.22 3.72% 6.22 3.72% 6.22 3.72%
28 2 1.75 12.50% 1.75 12.50% 1.75 12.50%
29 6 6.20 3.40% 6.21 3.44% 6.20 3.40%
30 6 6.20 3.40% 6.21 3.44% 6.20 3.40%
31 3 2.88 4.17% 2.58 14.04% 2.39 20.24%
32 3 2.88 4.17% 2.58 14.04% 2.39 20.24%
33 6 2.65 55.84% 5.00 16.67% 2.20 63.34%
34 3 3.75 25.00% 2.75 8.33% 1.75 41.67%
35 4 1.75 56.25% 2.75 31.25% 2.75 31.25%
36 5 1.75 65.00% 3.50 30.00% 1.75 65.00%
37 6 3.10 48.33% 5.95 0.83% 4.98 16.94%
38 6 3.32 44.74% 5.27 12.10% 3.37 43.83%
39 7 6.20 11.37% 6.21 11.34% 6.20 11.37%
40 4 3.97 0.67% 3.97 0.67% 3.97 0.67%
41 7 5.22 25.43% 6.00 14.29% 5.00 28.57%
42 4 4.53 13.23% 4.48 12.04% 4.48 12.04%
43 5 6.21 24.21% 6.22 24.34% 6.22 24.47%
44 3 3.97 32.45% 3.97 32.45% 3.97 32.45%
45 5 3.01 39.73% 4.22 15.64% 3.04 39.14%
46 6 4.00 33.33% 4.00 33.33% 4.00 33.33%
47 5 4.84 3.26% 4.71 5.71% 4.42 11.64%
48 5 6.20 23.95% 6.20 24.08% 6.20 23.95%
49 1 1.75 75.00% 1.50 50.00% 1.75 75.00%
50 5 4.00 20.00% 4.00 20.00% 2.00 60.00%
51 3 3.97 32.45% 3.97 32.45% 3.97 32.23%
52 6 6.22 3.72% 6.22 3.72% 6.22 3.72%
53 3 1.75 41.67% 1.75 41.67% 1.75 41.67%
54 6 4.00 33.33% 4.99 16.83% 4.00 33.33%
55 6 6.21 3.51% 6.22 3.61% 6.22 3.72%
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Case Error Error Error

Number Owner | Alt_1 Percentage Alt_2 Percentage AlL3 Percentage
56 1 1.75 75.00% 1.35 35.00% 1.00 0.00%
57 5 4.00 20.00% 4.00 20.00% 4.00 20.00%
58 7 6.22 11.10% 6.22 11.10% 6.22 11.10%
59 3 1.75 41.67% 2.13 29.13% 1.75 41.67%
60 5 4.00 20.00% 4.00 20.00% 4.00 20.00%
61 3 3.97 32.45% 3.97 32.45% 3.97 32.45%
62 7 6.22 11.10% 6.22 11.19% 6.22 11.10%
63 4 1.75 56.25% 3.13 21.85% 1.75 56.25%
Average Percent Error 23.62% 16.03% 24.12%

Figure 2-16 shows the graphical representation hef &verage error
percentage obtained from testing each solutionetmh of the six sub-models.
The x-axis represents the alternative solution rannénd the y-axis represents
the corresponding average percent error for eakthi@o. For example, for the
“Subcontractor” sub-model, ten alternative solusidor MBFs were investigated,
and the average percent error for the solutionga@rirom 20.8% to 23.6%. In
each case, the solution with the lowest averageepéerror was selected to build
the final fuzzy expert DSS. For the “Subcontractsub-model, the third solution
was the best one, having an average error of 20FR8%the “Owner” sub-model,
the best solution had an average error of 16.0%.¥ear End Evaluation,” the
best solution had an average error of 19.4%. Farr&t Evaluation,” the best
solution had an average error of 12.4%. For “Cant@lauses,” the best solution
had an average error of 18.4%; and for “ProjectcBipe/Scope,” the best
solution had an average error of 17.3%. Samplaékeofinal input’'s membership
functions that were used for developing the finelzy expert DSS are presented

in Appendix C.
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Figure 2-16Results of Testing of Sub-Models’ Alternative Sauas
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2.3.3 Rule Base Development

Fuzzy rules consist of a condition ('If' part) aacconclusion (‘Then’ part),
and represent the experts’ reasoning process infuley expert system. In
developing the fuzzy expert DSS, the data obtainach the first questionnaire
(Sub-section 2.3.1.2) was used to create a rule fmasthe system. The average
relative importance weights of the input criteriares used to determine the rule
base that represents the relation between the snpot the output. Three
influence levels (based on the average relativeortapce weights on a scale of 1
to 7) were defined for each input criterion: < 5{0566, or > 6. Corresponding
influence levels were defined as: “minor influericémoderate influence,” or
“high influence,” respectively. Table 2-13 presetite influence levels for the
input criteria and the intermediate variables tlvate used to generate the rule
base. The three levels of influence were chosendaltle way input variables and
rules are entered into FuzzyTEE®March 2008). The rule base was then created
according to the influence levels of the inputs. #&s example, the “Current
Evaluation” sub-model contains three inputs (“Cekiw,” “Operating Line,” and
“Work on Hand”) that have average importance weigtqual to 7.0, 4.25, and
6.25, respectively. These average importance weiganslate to influence levels
of “high influence,” “minor influence,” and “highnfluence,” respectively.
According to the influence level for each inpug tlnles were generated. If “Cash
Flow” is “Good”; “Operating Line” is “Unacceptablgand “Work On Hand” is

“High,” then the output (“Current Evaluation”) isAVerage.” Because “Cash
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Flow” has a higher influence level, it is given gier weight than “Operating
Line” or “Work on Hand” in the determination of tleitput level. All possible
combinations between the inputs’ linguistic termsr@vconsidered to generate a
complete rule base; i.e., if there &ta@nputs, each witlZ membership functions,
then the complete rule base contasrules. The FuzzyTECH rule wizard
generates a complete rule base based on the impiatole’s influence on the
output variables. These influences are entereeédoh variable before the wizard
generates the rule base. An example of the deve&lnge bases for the “Current
Evaluation” sub-model is illustrated in Figure 2--hd a sample of developed
rule blocks is included in Appendix C. For the DS, developed rules are
weighted equally (DoS = 1.0), which means that rales have the same

importance in the overall output.
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Table 2-13Input Criteria and Intermediate Variables’ Levelwfluence on the

Corresponding Outputs

Input Criteria and Intermediate Variable

Influence Level

Output

Project Aspects

High Influence

Contractual Risk

Moderate Influence

Overall Contractor
Prequalification Rating

Project Team

High Influence

Project Specifics/Scope

High Influence

Project Aspects

Owner High Influence
Subcontractors Moderate Influence Project Team
Contractor High Influence
Owner Type High Influence
Owner Funding High Influence Owner
Owner/Owner Agent Experience Moderate Influence
Bonding or Security High Influence
Scope Gaps Minor Influence Subcontractors
Overall Prequalification Moderate Influence
Year End Evaluation High Influence
Contractor

Current Evaluation

Moderate Influence

Working Capital Trend

High Influence

Tangible Net Worth Trend

High Influence

Gross Profit Margin Trend

High Influence

Net Profit Margin Trend

Moderate Influence

Debt to Equity Ratio

Minor Influence

Gross Profit Margin

High Influence

Net Profit Margin

Moderate Influence

Year End Evaluation

Cash Flow

High Influence

Operating Line

Minor Influence

Work On Hand

High Influence

Current Evaluation

Type/Complexity

High Influence

Project Size

High Influence

Project Location

Minor Influence

Cost Breakdown

Minor Influence

Schedule

Minor Influence

Project Risk Mitigation

High Influence

Project Specifics/Scope

Contract Form

High Influence

Contract Clauses

High Influence

Contractual Risk

Payment Moderate Influence
Warranty Moderate Influence
Indemnity Minor Influence

Schedule Extensions and Price Adjustment

Minor Influence

Damages / Penalties / Bonuses

Moderate Influence

Toxic and Hazardous Substance and Materials

Moderate Influence

Disputes / Arbitration

Minor Influence

Design Concerns

High Influence

Bonding/Security

High Influence

Contract Clauses
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B YRmEmaEa s U i fa® ? | W B &
IF THEM
# Cazh_Flow OQperating_Line whork_hand DoS  Cument_Evaluati
4 | Unacceptable Arcceptable High 1.00 | Lows
5  |Unacceptable Acceptable Average 1.00 | Average
B | Unacceptable Acceptable Lo 1.00 | Average
¥ |Unacceptable Good High 1.00 | Low
8 | Unacceptable Good Average 1.00 | Average
9 |Unacceptable 3ood Low 1.00 | Average
10 |Acceptable IIhacceptable High 1.00 | Low
11 |Acceptable Unacceptable Average 1.00 | Average
12 |Acceptable IUnacceptable Lo 1.00 | Average
13 | Acceptable Acceptable High 1.00 | Average
14 |Acceptable Arnceptable Average 1.00 | Average
15 | Acceptable Acceptable Lo 1.00 | High
16 | Acceptable Good High 1.00 | Average
17 | Acceptable Good Average 1.00 | Average
18  Acceptable 3ood Low 1.00 | High
19 |Good IIhacceptable High 1.00 | Average
20 |Good Unacceptable Average 1.00 | Average
21 |Good IUnacceptable Lo 1.00 | High
22 |Good Acceptable High 1.00 | Average
23 |Good Acceptable Average 1.00 | High
24 |Good Acceptable Lo 1.00 | High
25 |Good Good High 1.00 | Average
26 | Good 3ood Average 1.00 | High
27 |Good Giood Low 1.00 [High |

Figure 2-17Example of the Developed (Current Evaluation) RReAse

2.4 DSS Validation and Sensitivity Analysis

The final fuzzy expert DSS (including all the c@atior/project evaluation
criteria and sub-models described previously) waplemented using a fuzzy
expert system shell, FuzzyTEEHInform GmbH 2005), as shown in Figure 2-

18.
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The fuzzy expert system shell consists of threetspaiuzzification,
inference engine, and defuzzification. In fuzzifioa, the system calculates the
degree of membership for each linguistic term thefines each criterion value.
Then, it applies a fuzzy operator to the membershipes from each evaluation
criterion to link the combinations of evaluation iteria to overall
contractor/project prequalification as a singleuealfor each rule. The MIN
(minimum) fuzzy operator was initially used as thezy operator in this step. In
the next step, the inference engine applies ani¢atn method for each rule to
the output variable’s membership function. The PR@Bbduct) operator was
used as an implication method. The last step initifierence engine is rule
aggregation. Rule aggregation is the process ofboong the output sets from
each rule into a single output fuzzy set. The MAXakimum) rule aggregation
method was initially used. Defuzzification, thetlatep, determines a crisp value
from the output fuzzy set. The CoM (centre of maximy method was initially

selected as a defuzzification method.

A base case model was built using all the initiplerators described
previously, along with piecewise linear memberghipctions (e.g., triangular or
trapezoidal), estimated during the MBF estimatitapsThe base case model and
thirty-eight alternative system configurations weeveloped to determine which
system configuration produced the most accurateltsesThe configurations
considered the different input aggregation meth@d&N [minimum], MAX
[maximum], AVG [average], PROD [product], MIN/AVGTinimum/average],

and MIN/MAX [minimum/maximumy]), different rule agggation methods (MAX
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[maximum] and BSUM [bounded sum]), and differenfudeification methods

(COM [centre of maximum], MOM [middle of maximunffast COA [fast centre

of area], and Hyper COM [hyper centre of maximunihe product method

(PROD [product]) was used for rule implication,itas the only available method

in FuzzyTECH for implication.

h OwnerType
g g CwnerFundi..

REE

OwnerType

OwnerFunding Duirer

[ 0_04 Esp.. 0_0A_Expenence ,W
g g BonecSubc RE?
gg Scopelapsp, | BonSeciubs g oo
Scopeliaps
s DverSubcP. OwverSubcPreq [ HiniMax |
g g WorCapitTr RBE
g g TangMetui... |, | WorCapitTr
TangMefworthTr WC_TMNw_GPM
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g g GirossPraid,_|-| GrossProfdarg Fin/b an
g g MetPhargTr AE3
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57 DebtTEqHa DebrTEafintio NPMI_NPH_D
(%% MetProftdarg[~| MetProfMarg [ Min/Mas |
A Cash_Flow RET1
- Cash_Flow :
gg Operating_... Operating Line Current_Evaluati
g g WDrk_Dn___}’ \I\ufork_Dm_Hand,7,\,1”,,“,,%x
h Type_Comp. RE13
DQ; - Type_Complex
Project Sizs Project_Size
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[ % Project_Risk
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RB15

Owener
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Project_Team

bintd am
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Current_E valuati ,W

RETE

Froject_Team Project_dspects
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Figure 2-18Part of the Structure of the Fuzzy Expert DSS

The fuzzy expert

———{oa_ton_. ST

DSS was validated using the 32 othgiical

contractor/project prequalification cases. Eache acamtained a value for all the

evaluation criteria and the corresponding outputelall contractor/project

prequalification) based on the participating sumtperts’ opinions. The average

percent error of each system configuration wasutatied using Equation 2-2. In

78



Equation 2-2, the fuzzy expert DSS output is thispcrating provided by the
system’s defuzzification process. The actual ratmghe rating given to the
contractor by the underwriter or broker. A sample tioe calculations for

validation and sensitivity analysis are shown ibl€&2-14. As illustrated in Table
2-14, the error for each system was calculatedrdotpto the variation between
the actual output value and the value presentegibip alternative system for all

32 contractor prequalification cases.

Table 2-15 presents the 38 different system cordigons that were tested,
along with the average percent error and 95% cenfid intervals from
evaluating the hypothetical contractor/project miidication cases. The most
accurate system configuration, number 24, consists piecewise linear
membership functions, MIN (minimum) for input agga¢éion, PROD (product)
for implication, MAX (maximum) for rule aggregatipand Fast CoA (fast centre
of area) for defuzzification. This system configioa has an average percent
error of 16.0% (i.e., 84.0% accuracy), with a 956ffidence interval between

12.0% and 20.1% (i.e., 88.0% and 79.9% accuracy).
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Table 2-14Sample of Validation and Sensitivity Analysis Caétions for Three

Configurations
Case Overall System System System System
Number Contr_a_ctor 1 Error 1 5 Error 2 3 Error 3 Error 4
Prequalification
1 4 4.50 12.50% 4.00 0.00% 4.05 1.14% 5.50 37.50%
2 5 5.50 10.00% 4.00 20.009 4.03 19.34% 5.50 10.00%
3 3 2.87 4.17% 4.00 33.33% 3.97 32.30% 2.75 8.34%
4 7 5.50 21.43% 4.00 42.869 4.07 41.88% 5.50 21.43%
5 5 5.50 10.00% 4.00 20.009 4.04 19.24% 5.50 10.00%
6 3 4.00 33.33% 4.00 33.33¢ 4.02 33.95% 4.0 33.33%
7 4 4.75 18.75% 4.00 0.00% 4.00 0.01% 4.75 18.75%
8 4 3.58 10.56% 4.00 0.00% 4.00 0.11% 3.67 8.33%
9 4 3.25 18.75% 4.00 0.00% 4.00 0.00% 3.45 13.64%
10 4 4.00 0.00% 4.00 0.00% 4.00 0.00% 4.0 0.00%
11 5 3.91 21.73% 4.00 20.009 3.99 20.11% 3.62 27.50%
12 6 4.00 33.33% 4.00 33.33¢ 4.00 33.33% 1.00 83.33%
13 6 4.41 26.55% 4.00 33.33¢ 4.0% 33.22% 4.90 18.34%
14 3 3.17 5.70% 4.00 33.33% 3.97 32.28% 3.00 0.00%
15 5 4.00 20.00% 4.00 20.00¢9 4.00 20.01% 1.00 80.00%
16 4 4.00 0.00% 4.00 0.00% 4.00 0.06% 4.7 18.75%
17 5 4.00 20.00% 4.00 20.009 4.01 19.89% 1.00 80.00%
18 6 3.25 45.83% 4.00 33.33¢ 5.98 0.25% 3.25 45.83%
19 7 5.50 21.43% 4.00 42.869 6.06 13.47% 1.00 85.71%
20 4 4.00 0.00% 4.00 0.00% 4.00 0.08% 3.8p 2.71%
21 2 2.50 25.00% 4.00 100.009 2.98 49.15M% 2.50 25.00%
22 2 2.50 25.00% 4.00 100.009 3.98 99.11P% 2.50 25.00%
23 3 2.50 16.67% 4.00 33.339 3.98 32.54% 2.50 16.67%
24 4 5.50 37.50% 4.00 0.00% 4.06 1.54% 5.50 37.50%
25 3 4.12 37.24% 4.00 33.33¢ 3.03 1.15% 5.20 73.33%
26 2 2.50 25.00% 4.00 100.009 1.96 1.89% 2.50 25.00%
27 5 4.00 20.00% 4.00 20.009 5.00 0.02% 3.40 32.00%
28 3 2.50 16.67% 4.00 33.33¢ 3.98 32.52% 2.50 16.67%
29 3 3.50 16.67% 4.00 33.33¢ 4.03 34.25% 5.50 83.33%
30 3 2.50 16.67% 4.00 33.33¢ 4.00 33.21% 2.50 16.67%
31 5 5.50 10.00% 4.00 20.00¢9 4.07 18.69% 5.50 10.00%
32 4 5.50 37.50% 4.00 0.00% 4.06 1.60% 5.50 37.50%
Average Percent Error 19.3% 27.9% 19.6% 31.3%

According to the input values for each case, th& p&vides the user with

the contractor prequalification for both intermedigariables and the final output

(i.e., overall contractor and project prequalifioca) on a defuzzified scale of 1to

7. For the final output, this rating scale is remed by five MBF. Each
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defuzzified value on the 1 to 7 rating scale fa timal output is described by the

following linguistic terms, respectively: “Not Quizd,” “Somewhat Qualified,”

“Below Average Qualified,” “Average Qualified,” “Adve Average Qualified,”

“Very Qualified,” and “extremely qualified.”

Table 2-15System Configuration for Validation and Sensitivitgalysis (Awad

and Fayek 2012)

Scenario| Fuzzy |Inference|Aggregation|Defuzzification Average 95%
# MF Shape Operator | Method Method Method Percent|  Confidence
Error Interval

Base Piece Linear MIN PROD MAX COM 19.3% 15.1% 528
1 Piece Linear MAX PROD MAX COM 27.99 17.9% - 37.9%
2 Piece Linear AVG PROD MAX COM 19.6% 11.9% - 27.3%
3 Piece Linear PROD PROD MAX COM 31.3% 21.7% - 840.9
4 Piece Linear MIN/AVG| PROD MAX COM 24.59 16.3%2.8%
5 Piece Linear MIN/MAX| PROD MAX COM 25.6% 17.0% - 34.2%
6 Piece Linear MIN PROD BSUM COM 23.7% 17.5% - 28.9
7 Piece Linear MAX PROD BSUM COM 27.9% 17.9% - 33.9
8 Piece Linear AVG PROD BSUM COM 27.9% 17.9% - 34.9
9 Piece Linear PROD PROD BSUM COM 24.2% 17.7% 630.
10 Piece Linear MIN/AVG| PROD BSUM COM 27.9% 17.9%7-.9%
11 Piece Linear MIN/MAX, PROD BSUM COM 27.9% 17.9% - 37.9%
12 Piece Linear MIN PROD MAX MOM 28.69 20.6% - 35
13 Piece Linear MAX PROD MAX MOM 37.5% 31.8% - 4%2
14 Piece Linear AVG PROD MAX MOM 24.59 16.6% - 3%4
15 Piece Linear PROD PROD MAX MOM 30.9% 20.4% -4%%.
16 Piece Linear MIN/AVG| PROD MAX MOM 24.5% 16.6982.4%
17 Piece Linear MIN/MAX, PROD MAX MOM 25.7% 17.9% - 33.4%
18 Piece Linear MIN PROD BSUM MOM 24.7% 17.1% -32.
19 Piece Linear MAX PROD BSUM MOM 37.5% 31.8% -2%.
20 Piece Linear AVG PROD BSUM MOM 37.5% 31.8% -208.
21 Piece Linear PROD PROD BSUM MOM 22.6% 15.1%.130
22 Piece Linear MIN/AVG| PROD BSUM MOM 37.5% 31.8%43.2%
23 Piece Linear MIN/MAX, PROD BSUM MOM 37.5% 31.8% - 43.2%
24 Piece Linear MIN PROD MAX Fast COA 16.0% | 12.0% 20.1%
25 Piece Linear MAX PROD MAX Fast COA 27.9% 17.9% - 37.9%
26 Piece Linear AVG PROD MAX Fast COA 27.7% 17.9% - 37.6%
27 Piece Linear PROD PROD MAX Fast COA 30.8% 21.0% - 40.6%
28 Piece Linear MIN/AVG| PROD MAX Fast COA 27.0% 17.9% - 36.1%
29 Piece Linear MIN/MAX, PROD MAX Fast COA 27.6% 17.9% - 37.4%
30 Piece Linear MIN PROD BSUM Fast COA 23.7% 17.5% - 29.9%
31 Piece Linear MAX PROD BSUM Fast COA 27.9% 17.9% - 37.9%
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Scenario Fuzzy |Inference|Aggregation|Defuzzification Average 9.5%
# MF Shape Operator | Method Method Method Percent Confidence
Error Interval

32 Piece Linear AVG PROD BSUM Fast COA 27.9% 17.9% - 37.9%
33 Piece Linear PROD PROD BSUM Fast COA 24.1% 17.6% - 30.5%
34 Piece Linear MIN/AVG| PROD BSUM Fast COA 27.9% 17.6% - 37.9%
35 Piece Linear MIN/MAX, PROD BSUM Fast COA 26.1% 19.3% - 32.8%
36 Piece Linear MIN PROD MAX Hyper COM | 17.1% 13.0% - 21.1%
37 Piece Linear PROD PROD BSUM| Hyper COM | 23.6% 16.1% - 30.1%
38 Piece Linear MIN/MAX| PROD BSUM Hyper COM | 28.2% 17.5% - 38.9%

If the overall contractor prequalification is “Awge Qualified” (i.e., 4) or
higher, the contractor will likely be accepted lflmnding. A report consisting of
the input and output values can then be printetbtmment the contractor’s

prequalification case.

2.5 Concluding Remarks

In the construction bonding business, a complex prehensive

prequalification or assessment process is dongalua@e contractor, project, and
contractual risks. The underwriting process incoafes the subjective judgment
or intuition of experts, without an easily expladner transparent logical rationale,
and involves various qualitative and quantitativeleation criteria, many of
which contain uncertainty and require subjectivalgment. This chapter
identifies, classifies, and provides a comprehengietailed list of the evaluation
criteria for contractor and project prequalificatithat was compiled following a
thorough literature review, a review of contracpwequalification cases, fifteen
one-on-one interviews, and nine group meetings Imchv participating surety

experts interacted. Numerical scales were definedhfe quantitative evaluation

criteria, and rating scales, using reference vleegbwvere developed to quantify
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the qualitative criteria. For all criteria, criticthreshold values and favourable
trends were determined.

In this chapter, both fuzzy logic and expert systeane combined to
develop a decision support system (DSS) for usedntractor and project
evaluation to help surety underwriters and brokaershe second phase of the
surety underwriting process and to provide a syatenand structured approach
to this complex process. Thirty-eight alternatiwesstesm configurations were
investigated to determine the most accurate cordtgun. The system is validated
using 32 prequalification cases, and the accuratysofuzzy expert DSS is found
to be 84%. Five senior surety professionals pravideut to the determination of
the contractor evaluation criteria and the modgkt®ment.

Through this research, a new approach for fuzzy beeship function
estimation was developed. The new approach incatgerthe Horizontal MBF
estimation technique, which depends on expert kedgd, as well as some
prequalification cases (data integration). Finalllge fuzzy expert DSS was
validated with a number of hypothetical cases ofgmt bonding evaluation.

The fuzzy expert DSS developed here offers seastehntages to surety
professionals who conduct surety underwriting. ®ystem improves surety
underwriters’ and brokers’ reliance on judgment axgerience to validate their
underwriting decisions. It also provides a struetlirorganized, and objective
approach to evaluate subjective—and difficult t@rmjify—criteria in contractor
gualification for a specific project, to formalizad quantify complex decision-

making, and make its logic easy to trace. Findhg, proposed system can assist
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construction contractors to self-assess and toodscareas for improvement to

better obtain bonding for construction projects.
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CHAPTER 3. Surety Experts Weighting (Group
Consensus) Systemn

3.1 Introduction

Inputs from many surety experts across Canada arsidered in several
stages throughout the development of the contragédault prediction model
(CDPM) (presented in Chapter 5). To incorporateirtigut as a collective
opinion, a group consensus system (GCS) is neenlebdregate the experts’
assessments into collective single values to carip# required data for CDPM

development.

Finding a group consensus function of aggregatioaxperts’ judgmental
scores to represent a common opinion is an impioikane (Hsu and Chen 1996),
as each expert (broker or underwriter) has hissiaer perspective for providing a
certain assessment score. The purpose of this erthegpto establish an overall
weighting system to determine the consensus wégiwr (CWF) of each surety
expert. The CWF of the participating experts iseg kspect in aggregating their
inputs or assessments into a collective assessigmerts with higher CWFs will
have more impact on the collective assessmenteoéxperts’ opinions than those

with lower CWFs.

! Parts of this chapter have been accepted for gatldh in Canadian Journal of Civil
Engineering, Awad, A. and Fayek, A. Robinson. (20T2ntractor default prediction model for
surety bonding,” Canadian Journal of Civil Engiriegyin press.
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The developed experts’ CWFs were used to combieenitiividual scores
to form a group consensus opinion in two stagestdldetermine the relative
importance/influence weights for the CDPM inputightes, and (2) to evaluate
the output values for the contractor default prigaiic hypothetical cases (as

presented in Chapter 5).

The multi-attribute utility function (MAUF) is a ntleodology that can be
used to represent a rational decision-making pso¢esshizaki et al. 2009).
MAUF is effective in resolving decision-making pteitms in which the decision-
maker considers preferences (liking/worth) of npuléticriteria or attributes for
making the final decision. In this chapter, the edetination of an overall
importance weight for the surety expert, dependinga number of different
experience measures, is expressed as a decisiangnpioblem that can be
represented by the MAUF approach. Using MAUF fa #ssessment of several
attributes and providing a collective total asses#ms not new; however, the
application of that concept for the aggregationeaperts’ opinion is. Two
validation approaches have been applied to valittetedeveloped GCS: face

validation and numerical validation.

3.2 Aggregation of Experts’ Opinions

In the context of group decision-making problenigeré are many factors
that may influence experts’ opinions, such as thiffiees in their personalities,
perception, and level of expertise (Karamouz andtsfavi 2010; Pedrycz et al.

2011). Predd et al. (2008) pointed out that agdregeor combining experts’
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subjective opinions is one of the major problemet timay affect the decision-

making process.

Many approaches have been presented to solve eobdepr of aggregating
experts’ opinions (Elbarkouky 2010). One of thesmoommon and simple
approaches is the simple linear averaging methodhis method, the experts’
opinions are given equal weights/probabilities &tedmine an average value,
which is expressed as the sum of the expert’'s sissggs divided by the number
of experts. For example, if we have 3 scores/assm#s then the average is
calculated as follows: [Score 1 + Score 2 + Scdre[B+1+1] = [Summation of
the Scores]/3. The simple linear averaging methaxilieen used for aggregating
experts’ opinions collected using surveys (Genest Aidek 1986; Clemen and
Winkler 1999). The main assumption in applying #imple linear averaging
method is that there is no bias in the expertshiopis. To consider the effect of
expertise on the experts’ opinions for the aggiegaprocess, the weighted
averaging approach is followed (Ter Braak and Badmegt 1986; Javier et al.
2002). For the same example, if the scores haverelift weights or probabilities,
the weighted averaging approach is applied asvistid(Weight of Score 1 x
Score 1) + (Weight of Score 2 x Score 2) + (WeightScore 3 x Score 3)] /
[(Weight of Score 1 x 1) + (Weight of Score 2 x#1fWeight of Score 3 x 1)] =

[Summation of (Weight x Score)] / [Summation of (\fes)].

The objective of developing a group consensus By§&CS) in this chapter

is to determine a consensus weighting factor (C¥WiFall the participating surety
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experts to determine one aggregate value for eapht irelative importance
weight (RIW), where the summation of each individagpert's scoreIf™) is
multiplied by the expert's consensus weightingda¢€W F™) and divided by the

summation of all expert6WFs, as in Equation 3-1.

YN_ IS™ « Expert's CWF™
SN Expert's CWF™

Aggregated Input RIW = [3-1]

where Aggregated Input RIW is the aggregated assessment of the experts’
assessments, and N is the number of participatipgres. For example, if three
experts with CWFs of 0.852, 0.427, and 0.952 predidcores of 4, 5, and 3
respectively, then the aggregated relative impogaweight is calculated as

shown in Equation 3-2.

(4x0.852)+(5%0.427)+(3x0.952)
0.852+0.427+0.952 -

Aggregated Input RIW = 3.8 [3-2]

3.3 Group Consensus System (GCS) Development Methodojog

Figure 3-1 illustrates the group consensus syst&@S) development
process. The first step was to determine the sangbgrts’ experience measures.
One-on-one meetings followed by an interactive gromeeting were held to
determine the experience measure attributes. Ehquestionnaire was developed
to collect the required knowledge to build the syrexperts’ GCS. The
guestionnaire was divided into two parts in additio the introductory part. The
introduction provided all the required informati@bout the group consensus

system, the questionnaire content, the objective thed system and the
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guestionnaire, and finally, a detailed explanatdrall the experience measures.
The first part contained questions to develop tidvidual utility functions for
the experience measures. The second part was ddsign conducting the
pairwise comparisons between the six experiencesunes. Sample of the
developed questionnaire is presented in AppendiXH. overall utility function
(for all six experience measures) was then estaalisand validated using the
experience measures values for 10 experts. Thestiage involved implementing
the developed GCS to determine the overall expegieveight (CWF) for all 33

surety experts participating in developing the cactor default prediction model.

Determine experience
measures

l Conduct pairwise
Develop questionnaire to comparison and calculate
collect data for the GCS relative importance of
experience measures

\ 4
Develop individual utility

‘ functions

Collect surety L
experts’ Develop multi-attribute

experience utility function for GCS

values l

Validate surety experts’
GCS

—

Calculate consensus weigh
»( factor (CWF) for surety
experts

Figure 3-1The Group Consensus System Development Processi(Amch
Fayek 2012)
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3.4 Experience Measures

The first step in building the surety experts waighsystem was defining
the attributes that should be considered to evalia surety experts’ experience.
Five one-on-one meetings with highly experiencecktyuexperts (with no less
than ten years’ experience each), plus an addltigrmaup meeting in which the
surety experts could interact with each other, whedd to determine the
experience measure attributes. In the end, theresxpgreed upon six attributes as
the most important criteria to measure the expegefor any surety expert
working in the field of contractor prequalificatidor the construction industry.
These criteria, listed in Table 4-1, are: (1) eigr®e in surety for construction
(ESC), (2) current role (CR), (3) experience intcactor prequalification (ECP),
(4) experience in project evaluation (EPE), (5edimit (SL), and (6) largest
project evaluated (LP). Table 3-1 also providesdéfnition of each experience

measure and its quantification method.
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Table 3-1The Surety Group Consensus System Attributes (AavadFayek

2012)

Experience Measure

Attribute

Definition

Quantification Method (units)
and Range of Scale

Experience in Surety
for Construction
(ESC)

The number of years the
expert has been working in
the surety industry for
construction

Numerical value (number of
years)
From 2 to 20 years

Current Role (CR)

The expert’s current role in
the surety/brokerage
organization

Broker/underwriter (under
training)

Junior broker/underwriter
Intermediate broker/underwriter
Senior surety
broker/underwriter
Surety/brokerage manager

Experience in

Number of contractors that

Numerical value (humber of

Contractor the expert has been involved
o ) X : . contractors)
Prequalification in evaluating during his/her
. From 20 to 350 contractors
(ECP) entire career

Experience in Projec
Evaluation (EPE)

Number of projects the expe

t has been involved in
evaluating during his/her
entire career

rtI\Iumerical value (number of
projects)
From O to 100 projects

Size Limit (SL)

The value of the largest

aggregate work program that

the surety expert managed f
a single contractor

Numerical value (dollar value)
3From $10,000,000 to
§300,000,000

Largest Project
Evaluated (LP)

The value of the largest
project the expert has been

Numerical value (dollar value)
From $1,000,000 to

involved in evaluating

$80,000,000

3.5 The GCS Development Approach

The process of evaluating the surety experts’ egpee based on the six

experience measures was approached as a multicagsessment process. The

multi-attribute utility function (MAUF) was used tdetermine a consensus

weighting factor (CWF) for each surety expert, depeg on a number of

different experience measures. The determinatich@fCWF was expressed as a
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decision-making problem, where the decision-makensiers preferences

(worth) of multiple criteria or attributes for malg the CWF assessment.

The first step in developing the MAUF was to depeladividual utility
functions for each experience measure. Then the M#ds used to integrate the
individual utility functions into a single functiomntegrating the individual utility
functions required determining the surety expert'slative preference

(importance) of the experience measures.

The Analytical Hierarchy Process (AHP), introdudsd Saaty (1980) and
described in Zio (1996), is one of the most systenand popular techniques for
determining relative preference among varioushattes (Mollaghasemi and Pet-
Edward 1997; Zeleny 1982). The AHP has been suiedgsgsed in construction
engineering and management research (Abourizk. €it9@4; Chua et al. 1999;
Dias and loannou 1996). The GCS was developedtbygriating the AHP and the

multi-attribute utility function (Georgy 2000).

3.6 Development of the Individual Utility Functions

To determine the multi-attribute utility functioti(y, y, ..., Vi), first it
was decomposed into individual utility functions for each attributeagh of the
individual utility functions,y; = u;(x;), j = 1,2,.....,m, is used to quantify the
worth value according to the values of the attebjt In other words, the
individual utility function represents the relatgmp between the attribute value

and its worth (i.e., utility value). The individuatility function can be established
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by determining two values: upper limi/{) and lower limit (), in addition to

the risk attitude as illustrated in Figure 3-2 (@goet al 2005; Georgy 2000).

1009 OF L f=r==rmr=mmemrmrmmmemrmrmrmarnrnmra e g

Utility value U(x)

Risk-Seeking
0% or 0 :

L, Attribute value (x) U,

Figure 3-2The Risk Attitudes for Individual Utility FunctiofGeorgy 2000)

The “lower limit” (or less) will have 0% (no) utili/worth value and the
“upper limit” (or more) will have 100% (full) utity/worth value. This can be
represented by Equations (3-3a) and (3-3b) (Geergy 2005).

u;(L,) = 0.0 [3-3a]
u;(U,) = 1.0 [3-3b]

The worth values between the andU;, varies from 0.0 to 1.0 according to
the shape of the utility function, which dependsta evaluator’s risk attitude.
For deriving individual attribute utility functions this chapter, thé,; and U,
were defined in addition to intermediate valuegtrenutility function.

Each of the six experience measures is quantified lzertain range of
experience values (Table 3-1). For instance, thasome ‘experience in surety for

construction’ (ESC) has a range of 0—-20 yearsddtgree of worth is determined
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according to the experience value in this possdoge, i.e., the surety expert who
has a higher number of years of experience wouwe laahigher degree of worth

or utility value.

The purpose of the first section of the questiomnaleveloped for this
research was to derive the individual utility funaotfor each experience measure.
In that section, the participating surety experesenasked to provide their inputs
regarding the degree of liking for each experiemmasure. The questions were
developed to identify the upper limity(), lower limit (L) and three intermediate
values, in order to construct a function for eaxpegience measure, as illustrated
in Table 3-2.

Table 3-2Sample of the Questionnaire for Constructing theggi Utility
Functions

Experience in surety for

construction (ESC) Quantification method (numerical, e.g., 10 years)

Lower . Upper limit
Limit (L.) Intermediate values (U)
Years of experience
Worth 0 0
value/percentage 0% 100%

Experts were asked to provide the numerical omiistgc limits (according
to the nature of the attribute) for each measute @&valuation was limited to
surety underwriters and brokers who were workingsimety bonding in the

construction industry.
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Example:

If the expert considers, for instance, that 2 yedrexperience or less in
surety for construction has no value (0%); thay@ars or more has a total value
(100%) in context of surety underwriters and brekarconstruction; and that the
three intermediate values of 6, 10, and 15 havehmalues of 0.4, 0.7, and 0.9
respectively, the expert should fill the table fexperience in surety for

construction as shown in Table 3-3.

Table 3-3Experts’ Responses to Construct the Individualitytfunction for the
ESC

Experience in surety for Quantification method (numerical, e.g., 10 years)

construction (ESC)

Lower . Upper limit
Limit (L) Intermediate values (L)
Years of experience 2 6 10 15 20
Worth 0% 04 | 07 | 09 100%
value/percentage

All of the participating surety experts provideceithindividual inputs for
that part of the questionnaire during the one-oa-oreetings. Then, to reach a
consensus about their responses, an interactivg gneeting was held. Table 3-4
presents the final common assessment obihé., and three intermediate values

to construct the single utility functions.
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Table 3-4Experts’ Responses to Construct the IndividualitytFunctions (Awad and Fayek 2012)

1. Experience in Surety for Construction (ESC)

Years of Experience 2 6 10 15 20

Worth/Utility Value 0.00 0.40 0.70 0.90 1.00

2. Current Role (CR)

Expert. Role sioertundenwiter | oo 0 S emedete |t Seorsusyy 5. SyeBroerage
(Under Training)

Worth/Utility Value 0.00 0.00 0.65 0.85 1.00

3. Experience in Contractor Prequalification (ECBH

Number of Contractors 20 100 150 250 350

Worth/Utility Value 0.00 0.55 0.80 0.90 1.00

4. Experience in Project Evaluation (EPE)

Number of Projects 0 20 60 80 100

Worth/Utility Value 0.00 0.25 0.60 0.90 1.00

5. Size Limit (SL)

Dollar Value 10,000,000 25,000,000 90,000,000 03,000 300,000,000

Worth/Utility Value 0.00 0.25 0.65 0.90 1.00

6. Largest Project Evaluated (LP)

Dollar Value 1,000,000 10,000,000 30,000,000 60,000 80,000,000

Worth/Utility Value 0.00 0.25 0.65 0.80 1.00
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The values presented in Table 3-4 were used t@llgidevelop the utility
functions for the six attributes. Then, curvedfigiwas done using Microsoft
Excel© to determine the best representation foh eadividual utility function.
The best-fitting functions were selected dependingthe R-squared value: a
statistical measure of how well a regression lippraximates real data points. It
is a descriptive measure between 0 and 1.0, indg&iow good one term is at
predicting another. Figure 3-3 illustrates the real representation for the utility
functions. Table 3-5 presents the final individuglity functions, in addition to
their corresponding R-squared values. As shownthal R-squared values are
very close to 1.0, which means the developed fanstiadequately reflect the

actual data.
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Figure 3-3 Graphical Representation of the Experience Meaduiigt/
Functions
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Table 3-5Individual Utility Functions of the Surety ExperiSkperience Measures (Awad and Fayek 2012)

Experience Measure o ) N _ R-Squared
_ Individual Attribute Utility Function
Attribute Value

Experience in Surety 0, ¥ < 2 years 0.992
for Construction (ESC Uy (x,) =14 0.4462 In(x,) — 0.3362, 2 years < x; < 20 years '

1.0, x; = 20 years

0, X, <2

uz(xz) = O.O667x23 - 0.8259622 + 3.5083.7(2 - 4’.25, 2 < xz < 5

Current Role (CR) 10, * 25 1.000

Where 1= Broker/Underwriter (Under Training), 2=nibr Broker/Underwriter, 3= Intermediate
Broker/Underwriter, 4= Senior Surety Broker/Undeter, 5= Surety/Brokerage Manager

Experience in 0, x5 < 20 contractors
Contractor uz(x3) = { 0.3453In(x3) — 1.0159, 20 contractors < x; < 350 contractors 0.983
Prequalification (ECP) 1.0,x3 = 350 contractors

0, x4 <O0projects
w(x,) = { 0.0102x, + 0.0209, 0 projects < x, < 100 projects 0.989
1.0,x, = 100 projects

Experience in Project
Evaluation (EPE)

Size Limit (SL) 0.2957In(xs) — 0.681, $10Million < x5 < $300 Million 0.989

0, x5 < $10 Million
us(xs) =
1.0, x5 = $300 Million

4F — 06x¢* — 0.0007x¢% + 0.0391x, — 0.0518, $1 Million < x, < $80 Million
Evaluated (LP) 1.0 ,x, > $80 Million

) 0,x, < $1 Million
Largest Project ’ 6
g J s (xg) = { 0.998
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3.7 The Analytical Hierarchy Process (AHP)

The goal of using the AHP as a multiple criterigidi®n-making technique
is to quantify the relative importance of the siperts’ experience evaluation
attributes A, Az, ..., As that represent the ESC, CR, ECP, EPE, SL, and LP
respectively. The main concept of the AHP (i.eirvpgae comparison) approach
involves conducting a comparative judgement (compa) between each two of

the evaluation attributes.

The second section of the questionnaire contaiegugstions to conduct a
pairwise comparison between the experts’ six eepeg measures. The
comparison was simply taking the form: “How impaittas measure Awhen
compared to measure,An evaluating the surety expert’'s experience?” detg
were provided with a finite scale with values betwd and 5 to compare between
two values or attributes (A&nd A). The higher the value, the morgig\preferred
over A (Pedrycz and Gomide 2007). In other words, eaclergxpas asked to
provide one of pre-specified responses in eithenerc or linguistic format, as

shown in Table 3-6.

Table 3-6Decision Aids for Pairwise Comparison of the AHR&& 1980)

Numerical Rating Importance
1 EQUALLY IMPORTANT
2 SLIGHTLY MORE IMPORTANT
3 STRONGLY MORE IMPORTANT
4 VERY STRONGLY MORE IMPORTANT
5 EXTREMELY MORE IMPORTANT
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For example, if the two attributes to be consideiadthe pairwise
comparison are ‘current role’ and ‘experience imegu for construction,” the

pairwise comparison was conducted as illustratethinle 3-7:

Table 3-7Sample for the Pairwise Comparison Question

_ C t 1ol Experience in surety
Current Role Verses Experience urrent role for construction
in Surety for Construction

If the expert considers, for instance, that ‘exgmce in surety for

construction’ is STRONGLY MORE IMPORTANT than “cemt role,” the

expert would assign “3” below ‘current role,” aludtrated in Table 3-8:

Table 3-8Sample for the Pairwise Comparison Value

Experience in surety for
Current Role Verses Experience in Current role construction
Surety for Construction
3

Each surety expert provided his/her input individyahen an interactive

group meeting allowed all of the participating entp@o provide overall collective

values (presented In Table 3-9) for the 15 pairnem®parison questions.
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Table 3-9Questionnaire Results of the Pairwise Comparisons

No. Attributes A, Attributes A
01 Experience in surety for construction Current role
4
. , . Experience in contractor
Experience in surety for construction e
Q2 prequalification
1
03 Experience in surety for construction Experiencprimject evaluation
3
04 Experience in surety for construction Size limit
4
05 Experience in surety for construction Largest mogvaluated
2
Experience in contractor
Current role e
Q6 prequalification
3
Q7 Current role Experience in project evaluation
3
08 Current role Size limit ;
Q9 Current role Largest project evaluated
5
010 Experience in contractor prequalification = Experentproject evaluation
2
011 Experience in contractor prequalification  Size timi
4
012 Experience in contractor prequalification  Largestect evaluated
3
Experience in project evaluation Size limit
Q13 5
014 Experience in project evaluation Largest projectieated
3
015 Size limit Largest project evaluated

The results of the pairwise comparisons were tHanep into a so-called

reciprocal matriYR],x, (where n is the number of attributes) of the form

presented in Equation 3-4.
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[All A12 A13 Aln] [ 1 AlZ A13 Aln'l

[A21 Azz  Azs Apn|  |A21 1 Aps Agn |
Rluen = A1 Az A 00 Al s A 1D D Al g
|~An1 AnZ An3 AnnJ |—An1 An2 An3 1 Jnxn
4]

The values of the matrix diagonal are equal to His Tnatrix is reciprocal
because the entire values are symmetrically positiowith respect to the
diagonal. Using the developed comparison matrig, dktribute’s priorities are
determined by calculating the normalized versiorthef eigenvector associated
with the largest eigenvalue, which is the desiredtar of the attributes’ relative
weights (Pedrycz and Gomide 2007). Based on thereagsessment in Table 3-

9, the priority matri{R]¢x, iS developed as shown in Equation 3-5.

0.25 1.00 0.33 0.33 0.50 0.20
[Rlgng = 1.00 3.00 1.00 0.50 0.25 0.33

6X6 — 1300 3.00 2.00 1.00 0.50 0.33
[4.00 2.00 4.00 2.00 100 1.00

2.00 5.00 3.00 3.00 100 1.00

[1.00 4.00 1.00 033 0.25 0.50}

[3-5]

Then, according to Mollaghasemi and Pet-Edward9{Land Pedrycz and
Gomide (2007), the following steps are followedl&giermine the priorities of the
attributes. The first step is normalizing the depeld matrix[R]gx by dividing

the values of each column by the sum of this coluasrshown in Equation 3-6.

[0.0889 0.2222 0.0882 0.0465 0.0714 0.1485]
0.0222 0.0556 0.0294 0.0465 0.1429 0.0594
R e = 0.8889 0.1667 0.0882 0.0698 0.0714 0.0990 (3-6]
normalized 6X6_|0.2667 0.1667 0.1765 0.1395 0.1429 0.0990
0.3556 0.1111 0.3529 0.2791 0.2857 0.2970
lo1778 0778 02647 04186 (2857 02970l
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Then, the eigenvector (measures’ weights) is caledl by averaging each

row of the normalized matrix, as presented in Eguat3-7 and 3-8.

1(0.8889 + 0.2222 + 0.0882 + 0.0465 + 0.0714 + 0.1485) /67
(0.0222 + 0.0556 + 0.0294 + 0.0465 + 0.1429 + 0.0594)/6
(0.8889 + 0.1667 + 0.0882 + 0.0698 + 0.0714 + 0.0990)/6
(0.2667 + 0.1667 + 0.1765 + 0.1395 + 0.1429 + 0.0990) /6
(0.3556 + 0.1111 + 0.3529 + 0.2791 + 0.2857 + 0.2970) /6

[Weight]s,, =

| (0.1778 + 0.778 + 0.2647 + 0.4186 + 0.2857 + 0.2970)/6 |

[Kl] 0.1109
K5 [0.0593]
. _|Ks| _]0.0973] 4.
Ks| |0.2802
K.l 10.2869

[3-7]

The ability to measure consistency between expadsponses is an

important advantage of using AHP. The lack of cstesicy is measured by

comparing the largest eigenvalug,(,), that was computed fR]s«¢, With the

dimensionality of the reciprocal matrix (M.« IS always greater than n. Full

consistency accrues wheg,,,=n. Calculating the matrix'¢argest eigenvalue

(Amax) 1s done by multiplying the original matriXR(s«s) With the calculated

weights (Weight]sy,) then dividing the resulting matrix by the weightatnx as

in Equations 3-9, 3-10, 3-11, and 3-12.

_KRl_

RK,

. RKj3

[Rlexe - [Weight]3; = [RK]3x; = RK [3-9]
4

RKj

| RK
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0.8889 0.2222 0.0882 0.0465 0.0714 0.1485 0 1109 O 7142
0.0222 0.0556 0.0294 0.0465 0.1429 0.0594 O 0593 O 3721
0.8889 0.1667 0.0882 0.0698 (0.0714 0.0990 0 0973 O 6346 [3

02667 01667 01765 0.1395 0.1429 00990 l0.1652] = |1.1065]

03556 01111 03529 02791 02857 0.2970 lozsson 1.8494

lo1778 0778 02647 04186 02857 02970) lo2geol L138733
10]

[RK]3x1 =

(RK
Amax = =2 ‘/K [3-11]

n

2 _1qe 07142 | 03721 | 0.6346 , 1.1065 & 1.8494 , 1.8733
max = ¢&1=131109 ' 0.0593 @ 0.0973 = 0.1652 @ 0.2802 = 0.2869

=6.5089 [3-12]

where[R]q«e IS the priority matrix]Weight];,; IS the weights matrix, an®K];,,
is the resulting matrix of multiplyinfR]¢«s andWeight]s;. k; is the experts

experience measure weight amds the matrix size.

The next step is to check the consistency of thpexresponses by

calculating the consistency indey,(as presented in Equation 4-13.

Amax—D __ 6.5089—-6 )
V= (n-1)(RL)  (6-1)(1.24) 0.0821 [3-13]

where R.I. is a random index determined accordintpé matrix size. According
to Georgy (2000), the R.l. has been approximatedSagty (1980), based on

simulation runs, as presented in Table 3-10.

Table 3-10Approximated Random Indices (R.l.) (Saaty 1980)

R.. § 0.00| 0.00| 058 | 090 | 1.12| 1.24 | 1.32| 1.41| 1.45| 1.49
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The lower the consistency index (lower than 0.1e thigher the
consistency. To increase the consistency indemalear rating scale can be used,
e.g., using a 7-point scale instead of a 9-poimtescor using a 5-point scale
instead of a 7-point scale, and so on. Accordinthéosize of thgR]sy matrix
(n=6), the R.I. value is equal to 1.24 for the tatddweloped by Saaty (1980). If
the consistency index)is less than 0.1, then the expert responsescaigstent
(Saaty 1980; Pedrycz and Gomide 2007). The cakuallebnsistency index)in
Equation 4-13, which is equal to 0.0821 (i.e., ¥Oifdicates that the experts’

responses were consistent.

3.8 Development of the Multi-Attribute Utility Function (MAUF)

There are two approaches to determine the overhty dunction. Fishburn
(1965) presented the additive approach for thetyutildependent attributes, as

shown in Equation 3-14.

Uy, Xgy ey Xm) = Sy ki () = kqwg (x0) + kot (35) + oo + ke () [3-14]

wherei= 1,2,...;mis the number of attributes; and, is the value of attribute
While, u;(x;), is the utility function value for attributecorresponding ta;, and

K; is the weight of attribute

Keeney (1974) developed the multiplicative approdachconsider the
dependency between the attributes. The multiplieaMAUF is illustrated in

Equation 3-15.
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14 Ku(xq, X3, oo, x) = 17541 + Kkyu;(x;)] [3-15]

where every variable has the same meaning previausbduced (for Equation

3-14) andK is a scaling constant that is chosen to satistyakgn 3-16.

14+ K = [12,[1+ Kk;] [3-16]

The main condition for the validity of applying tlaelditive MAUF is that
mutual independence exists between the attribotethat the summation of the
relative preference values is equal to 1.0 (Ge@@Q0; Keeney 1974). A very
weak correlation (i.e., mutual independence) wamdobetween the experience
measures (i.e., using the data from the particigad3 surety experts, all Pearson
correlation coefficients were found to be less thatb), and the summation of the
relative preference values of the six experiencasmees was equal to 1.0 (as a
result of using the AHP). Consequently, the additmility function, presented by

Fishburn (1965), was used, as shown in Equation. 3-1

U(xy, X ooy Xm) = 2 WV w; () = WV () + WVouy () + oo + W, (x) [3-17]

wherei = 1,2,...;m is the number of attributes (experience measures)s the
value of the attribute; wu;(x;) is the utility function value for attributé

corresponding ta;; andIWV; is the preference value of the attribute

Example:
Assume for a surety expert the following values i@asTable 3-11) are

his/her experience measures. Then, according tal¢keloped individual utility
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functions and the expert’s values, the correspandtility values are determined

as follows:

Table 3-11Surety Expert Experience Measures and Utility Value

Experience Measures Actual Value (x) Utility Weights
Value USXZ SkiZ
Experience In Surety for Construction 10 Years 0.691 0.220
(ESC)
Current Role (CR) (3) Intermediate 0.650 0.104
broker/underwriter

Experience in Contractor
Prequalification (ECP) 50 Contractors 0.335 0.206
Experience in Project Evaluation 70 Projects 0.720 0.220
(EPE)
Size Limit (SL) 50 MM 0.473 0.084
Largest Project Evaluated (LP) 120 MM 1.000 0.166

Using the expert utility values and the relativeights obtained for the
experience measures, the overall surety experthiveign be determined as in

Equation 3-18:

CWF [u(xy, X3, ..., x¢)] = (0.220 * 0.691) + (0.104*0.650) + (0.206*0.335)

(0.220*0.720) + (0.084*0.473) + (0.1664*1.000) 641 [3-18]

Data on the six experience measures for each gbdheipating 33 surety
experts were collected using a web-based survelyleTa:12 illustrates sample
experience measure values for the participatingtguexperts, their calculated
worth value (WV) for each experience measure, drer toverall consensus

weight factor (CWF).
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Table 3-12Sample of the Attributes’ Values, Worth Values, &whsensus Weight Factors for the Participating

Experts
Overall
Values of Experience Attributes for the Surety Bkpe Corresponding Worth/Utility Values Consensus
Weight Factor

CR (feifs) (Con'frca';ors) (pgiits) (MSI\I/I_$) (M",\';SB) CR_WV | ESC_WV | ECP_WV| EPE_WV SL WY LP_W CWF
Manager 11 750 5000 60 55 1.000 0.733 1.000 1.0005270 0.796 0.781
Manager 22 500 3000 4000 60 1.000 1.000 1.000 1.0a0000 | 0.815 0.965
Senior 23 300 1500 200 45 0.850 1.000 0.9b3 1.0008820 0.751 0.901
Manager 12 250 700 580 65 1.000 0.733 0.890 1.0000001 0.832 0.919
Senior 15 200 3000 50 35 0.850 0.872 0.813 1.0004730, 0.696 0.731
Senior 24 100 200 30 30 0.850 1.000 0.5Y4 1.000 220{30.662 0.666
Senior 19 10 30 25 15 0.850 0.977 0.000 0.320 042610 0.426
Senior 15 30 100 2.5 40 0.850 0.872 0.158 1.000 000}{00.726 0.511
Senior 10 20 200 1000 25 0.850 0.733 0.000 1.0000001, 0.622 0.759
Intermediate 3 5 20 10 5 0.65D 0.154 0.000 0.220 00 0.268 0.156
Manager 25 500 10000 1300 5( 1.000 1.000 1.000 01.0.000| 0.775 0.958
Senior 11 50 100 300(0 47 0.850 0.733 0.385 1.0000001, 0.761 0.827
Manager 24 500 1000 300 50 1.000 1.000 1.000 1.0aD002 | 0.775 0.958
Manager 20 150 1000 130 80 1.000 1.000 0.714 1.0am755| 1.000 0.847
Senior 20 1000 300 300 60 0.850 1.000 1.000 1.0000021 0.815 0.955
Senior 20 50 100 240 57 0.850 1.000 0.385 1.000 360}{90.803 0.851
Intermediate 7 100 100 65 54 0.650 0.532 0.574 01.000.550| 0.792 0.683
Manager 22 1000 5000 130 48 1.000 0.9y7 1.000 1.0am755| 0.766 0.878
Junior 3 150 400 20 31 0.000 0.154 0.714 1.000 30/20.669 0.474
Intermediate I 350 3000 80 35 0.650 0.582 1.006 00L.0 0.612| 0.696 0.737
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3.9 Validation of the Surety Experts Weighting (Group
Consensus) System

The surety experts’ GCS was validated using twor@gpghes: (1) face
validation and (2) numerical validation. Face validn, as presented by Lucko
and Rojas (2010), was conducted to get the appavabn-researchers (experts)
regarding the validity of the study. The face validn process began with a
presentation to the surety experts of the con¢bptproposed methodology, and
the objective of developing a group consensus sysill the participating
experts agreed with the proposed methodology, &teit the suitability of the
methodology to determine experience weights for dheety practitioners, and
noted the advantage of using the group consensstensyfor developing the
contractor prequalification fuzzy expert systemsd\l the face validation was
considered during all of the system’s developméamgess, starting with defining
the experience attributes that should be considanedthe quantification method
for each one. Then, the responses that were prbvige the developed
guestionnaire helped to build the individual wilfunctions and determine the
attributes’ relative importance weights. Each orfetltese stages has been
conducted in two rounds. The first round was dogeobtaining the experts’
feedback and inputs individually. Then, the secanahd was done by conducting
a group meeting, wherein the participating expenteracted to achieve a
common approval regarding the collected informatidil participating surety

experts noted their acceptance with all of theeoddld data. The last stage of the
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face validation was done by presenting the resilthe system to the experts by
providing them with the 33 surety experts’ expetenvalues and the
corresponding calculated overall experience weigfitsee experts completely

agreed with the system’s results.

Following these stages of applying the face valwatapproach, a
numerical validation was performed for further dalion of the developed surety

experts’ group consensus system.

From the 33 surety experts’ cases that were celleciO cases were
randomly chosen for the validation process. Theeggpce measure values for
these cases (in Table 3-13) were presented toateipating surety experts to
provide a score for overall experience weight (CWidf)each case from 0 to 1.0,
according to their own opinion. Then the developgstem was used to calculate
the CWF for each case. Table 3-13 presents the @allfes provided by the

surety experts and the calculated values by the &G&ell.
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Table 3-13GCS Validation Casg®\wad and Fayek 2012)

Expert CR ESC ECP EI_DE SL LP Given | Calculated| Error

ID (years)| (contractors) (projects)| (MM$) | (MMS$) | CWF CWF %

1 Manager 25 500 3000 4000 55 1.000.962 3.84%
2 Senior 19 10 30 25 15 0.6D 0.426 29.01%
3 Senior 11 20 200 1000 25 0.80 0.759 5.07%
4 Manager 22 500 1000 300 55 1.000.962 3.79%
5 Manager 19 150 1000 130 55 0.900.848 5.75%
6 Intermediate 7 100 100 65 55 0.70 0.684 2.28%
7 Junior 3 100 1000 25 25 0.50 0.468 6.31%
8 Junior 3 300 2250 31.5 15 0.60 0.515 14.18%
9 Intermediatg 7 250 2000 100 55 0.70 0.762 8.84%
10 Senior 22 300 5000 200 45 1.90 0.901 9.93%

The average percent error between the expertstten&CS'’s scores were

calculated using Equation 3-19.

vz |GCS Score;— Experts’ Scorej|
i=1| Experts’ Score; |

Average Percent Error = X 100 [3-19]

zZ

where “GCS score” is the CWF provided by the GC&ating to the experience
measure values for each of the 10 expert casepeftsx score” is the CWF
provided by the five surety experts (collectivelyreed) for each case,is the

individual case number, ards the total number of cases (10).

Table 3-14 shows the experience measure valuesdpb\y the surety
experts, the GCS for the validation cases, andc#heulated percent error. The
GCS has an average percent error (calculated &sjogtion 3-16) of 8.9% (i.e.,
91.1% accuracy), with a 95% confidence intervalveein 14.5% and 3.3% (i.e.,

85.5% and 96.7% accuracy).
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Table 3-14Experts’ GCS Validation Results (Awad and Fayek201

Case No. Experts scores GCS scores Error Percentage
Case 1 1.00 0.962 3.84%
Case 2 0.60 0.426 29.01%
Case 3 0.80 0.759 5.07%
Case 4 1.00 0.962 3.79%
Case 5 0.90 0.848 5.75%
Case 6 0.70 0.684 2.28%
Case 7 0.50 0.468 6.31%
Case 8 0.60 0.515 14.18%
Case 9 0.70 0.762 8.84%
Case 10 1.00 0.901 9.93%

Average error percentage 8.90%
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3.10Concluding Remarks

This chapter presents a novel methodology for figch group consensus
function that aggregates experts’ judgment scargsresent a common opinion.
A group consensus system (GCS) has been developigtdrmine the consensus
weight factor (CWF) of experts working in suretytlhwn the construction
industry, in order to incorporate their input agdalective opinion. The multi-
attribute utility function (MAUF) methodology, whicconsiders the preferences
(liking) of six experience attributes in order tetekrmine the CWF for surety
experts, was used. The Analytical Hierarchy ProcésslP) was used to
determine the liking of the experience attribufElse consistency index showed
that the experts’ responses were consistent. TWwdagi@n approaches have been
applied to validate the developed GCM: face valaatnd numerical validation.
The GCS was validated against the experts’ assessrapd showed 91.1%

accuracy, with a 95% confidence interval betweeb®band 96.7%.
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CHAPTER 4. Contractor Default Prediction
Model for Surety Bonding'

4.1 Introduction

Contractor default is a critical risk that can imfhce the outcome of
projects in the construction industry. Contractefadlt occurs when a contractor
is unable to complete the project according to dbetractual obligations (Zhai
and Russell 1999). Thousands of contractors faderda in the construction
industry every year. According to the Office of tBeperintendent of Bankruptcy
Canada (2008, 2010, 2011), between 2007 and 204 highest frequency of the
bankruptcy cases in Canada were related to thdaractien sector. Between 2006
and 2008, 235,397 general contractors and operhtilders, heavy construction
contractors, and special trade contractors in tt& donstruction industry faced
business failure (Surety Information Office 200%s a result, construction
project owners and other stakeholders look for watito predict the potential of
contractors to default, in order to avoid awardingntracts to high-risk
contractors. Owners commonly safeguard against risk of contractors
defaulting on the completion of a construction pobjby transferring this risk to
surety companies (Al-Sobiei et al. 2005; Awad andydk 2012a). The
construction industry needs, therefore, a strudtwentractor default prediction
model to enhance the surety practitioner’s decismaking in providing bonding

to a contractor for a specific project.

! Parts of this chapter have been accepted for gatlh in Canadian Journal of Civil

Engineering. Awad, A. and Fayek, A. Robinson. (901€ontractor default prediction model for
surety bonding.'Canadian Journal of Civil Engineeringn press.
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This chapter presents a contractor default premicthodel (CDPM) that
facilitates evaluation of the risk of contractorfalét on a specific construction
project. The CDPM integrates both fuzzy set theorg expert systems, making it
suitable for the appraisal of complex decisionselasn expert judgment. Fuzzy
set theory can incorporate uncertainty and subjiggtinto the assessments of
both quantitative and qualitative contractor anojgut-related evaluation criteria,
while expert systems include the experts’ knowledge subjective judgment

necessary to determine the risk of contractor diefau

Russell and Jaselskis (1992) noted that previodsiyeloped models for the
evaluation of business failure are focused maimyfinancial factors; however,
other factors, including contractors’ project magragnt practices, should be
considered in evaluating the performance of constm contractors and their
probability of failure. In Severson et al. (199he accuracy of their classification
model, developed to predict claim and non-claimti@ms, increased from 70%
to 87.5% when they included management-related abks (e.g., cost
monitoring). Tserng et al. (2011) noted that thentmrtor's management
capability (practices) and technical expertiseemgential factors for construction
contractors’ success. As a result, the CDPM cosatamimportant new evaluation
category to enhance the evaluation process. This ceegory, “contractor’s
organizational practices,” includes a comprehendise of contractor default
evaluation criteria to measure a contractor's cdempey for a specific

construction project. These criteria include safetyanagement, quality
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management, time management, cost management, thied practices that

contribute to project success.

Inputs from at least 20 surety experts across Ganete considered in
several stages throughout the development andngestf the CDPM. To
incorporate their input as a collective opiniorg tiroup consensus system (GCS)
(presented in chapter 4) was used to aggregateexperts’ assessments into
collective single values, in order to compile thequired data for CDPM

development.

This chapter also presents a new approach for fudeybase development
that combines two methods: (1) learning from exawplusing hypothetical
contractor default prediction cases; and (2) usimginputs’ relative importance

weights to develop fuzzy rules.

4.2 Background and Previous Research

When a surety company agrees to provide bonding tontractor for a
construction project, it demonstrates assurancethef contractor’'s financial
security and project completion to the project owig verifying that the
contractor is capable of meeting the contractudigations, and will pay its
subcontractors and suppliers (Surety Informatiofic®@2009; Russell 1990). The
surety company, which could be a broker or an umdtr, conducts a
comprehensive evaluation (prequalification) procéss assess (predict) the
possibility of contractor default by evaluating maguantitative and qualitative

evaluation criteria that may affect the contractqgérformance.
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Previous research into predicting contractor défaulthe construction
industry has provided a point of departure for theearch presented in this
chapter. Abidali and Harris (1995) presented a opulogy to predict the
probability of construction contractor failure thancludes managerial
performance variables. Russell and Zhai (1996, 1888d stochastic modeling to
predict contractor failure according to the evahmtof both macroeconomic
variables and contractor financial variables. Rlissed Jaselskis (1992)
developed a predictive contractor failure modehgsa discrete choice approach
based on four inputs: (1) owner-contractor eff¢2), cost monitoring effort, (3)
level of support for the project manager, and @)yeinvolvement of the project
manager. Al-Sobiei et al. (2005) used both ar#ficieural networks and genetic
algorithms to predict the risk of contractor defalilserng et al. (2011) presented
a methodology that employs three previously-devedopption-based models: (1)
the Black, Scholes, and Merton (BSM) contingeninatamodel, (2) the Crosbie
and Bohn (CB) refined option-based model, and [i@) Bharath and Shumway

(BS) naive model, to measure contractor defaut ris

These previous models helped identify several ectdr evaluation criteria
from different perspectives; however, a model timgrates the contractor’s
organizational practices with contractor-, projecind contract-specific risk

evaluation criteria had not been developed.

The CPDM presented in this chapter enhances previmodels for

contractor prequalification, evaluation, and defapkediction. Firstly, the
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proposed model includes a more comprehensive sebrdfactor- and project-
related evaluation criteria (120 in total). Secgnddnowledge from numerous
surety experts across Canada with different lesekxperience and various roles
in the surety industry is incorporated into the elodevelopment. A data-based
approach that uses input-output cases has beenfarsdte development of the
model's membership functions and fuzzy rule basddi#onally, the model
incorporates a very important evaluation categamgn{ractor’s organizational
practices), which has not been addressed in previmodels. The CPDM
enhances previous models and provides a structuneiactor default prediction
method to enhance the surety practitioner’'s dewigiaking process in providing

bonding to a contractor for a specific project.

4.3 Participating Surety Experts and Data Collection

In order to collect the data required to devela@DPM, previous research
conducted by Awad and Fayek (2012a) on developidgasion support system
for general contractor prequalification for surbnding (presented in chapter 3)
was presented to the Surety Association of Can88&). From SAC, forty-two
surety experts (underwriters and brokers), withioter levels of experience in
contractor prequalification and different rolessirety companies across Canada,
expressed an interest in providing their expertesse] were invited to join the
CDPM development process. The data required to lolevthe CDPM was
collected from the participating surety expertsairseries of six steps. Several

different collection techniques were used. Figwk ilustrates, in a step-by-step
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process, the research and model development métigyd@s explained in the

following sections.

In the first step, a group of five (out of the 43yhly-experienced surety
experts (with no less than 10 years of experieach)eparticipated in one-on-one
and interactive group meetings: two experts canmmfrtwo underwriting
companies, and three experts came from two sunetkeb companies. These
meetings yielded a comprehensive list of contrackefault prediction (input)

criteria for the CDPM.

In the next step, a web-based questionnaire waseet the participating
surety experts (42 in total) to determine the redatmportance weights (RIW) for
the input criteria. Of the 42 experts, 33 respondeda response rate of 78.6%).
Then, another web-based questionnaire was sehet83 experts who responded
to the RIW questionnaire, in order to estimate ithigal membership functions
(MBF) for the CDPM input evaluation criteria. O#&tl33 experts, 21 responded to

the MBF estimation questionnaire.
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Present previous research to SAC and invite experts
participate in model development

A
Determine contractor default prediction model (CDPM) components |

v v v

\4 Create hypothetical Estimate model's membership Develop model's rule
Determine contractor contractor default functions base
default prediction prediction cases
evaluation criteria Develop web-based Extract rules using 70
Prepare input values for questionnaire for MBF hypothetical contractor
v 100 cases estimation default prediction
v (input-output) cases
Develop web-based . -
questionnaire to determing Determine initial MBFs using
criteria relative importance v the Horizontal Method
weights U Evaluate each case by v A
se more than one sure Develop rules using the
Y elian expert ’ rianguiar andior sapazoldal npu' rcatve.
Determine aggregated vaelght l 9 shapes P importance weights
value for each input gs\tl?:r (RIW)
relative importance weight fc()rsure) Determine aggregated v
(RIwW) ox ertsty output values using the Test all resulting MBFs using
P Pl consensus weight facto 70 hypothetical contractor
(CWF) default prediction cases and
select the most accurate
representations

| Build the contractor default prediction model (CDPM

v

Conduct validation and sensitivity analysis byitest
alternative model configurations (different fuzzyecations )

v

| Usethe best model configuration to evaluate acasks

Figure 4-1Model Development Methodology (Awad and Fayek 2012b
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Surety underwriters and brokers do not currenthcudeent all the
contractor evaluation criteria (model inputs) thare established in this study.
Therefore, in order to develop the model componantsvalidate the CPDM, 27
experts (out of 33) participated in developing h§@othetical cases to cover the
full range of possible scenarios of contractor difaisk evaluation. For the
development stage, 70% of the hypothetical cases uwsed to apply the learning-
from-examples approach to extract the fuzzy ruled o estimate the fuzzy
membership functions (MBF). The remaining 30% of ttases were used to

validate the CDPM.

4.4 Developing the Contractor Default Prediction Model

The following subsections provide a descriptiontloé model development
process, as illustrated in Figure 4-1. The develam process started by
preparing the model inputs, and included: (1) deteing the contractor
evaluation criteria, (2) developing a web-basedstjoenaire to determine the
criteria’s relative importance weights, and (3) @gm@ting the experts’ responses
using the experts’ consensus weights (determinechapter 4) to get the final
relative importance weights (RIW) of the criteribhe second stage involved
developing the hypothetical contractor default pration cases (as explained in
subsection 4.4.3) to be used for membership fundfMBF) estimation, fuzzy
rule extraction, and model validation. The nextgstanvolved developing the
model components’ MBFs and rule base. The MBF edion process was done
in 4 steps: (1) developing a web-based questioanr collect the required

knowledge for MBF estimation using the horizontadthod, (2) determining the
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initial MBFs, (3) interpolating the initially-estiated MBFs to linear shapes, and
(4) developing models using all the alternative Mpresentations, and testing
them to determine the most accurate MBFs to be.uBed final stage of the
model development was rule base extraction, whiak @onducted in two steps:
(1) rule extraction from input-output contractorfaldt cases, and (2) rule

development using the inputs’ relative importaneghts.

4.4.1 The Input Criteria for the CDPM

Awad and Fayek (2012a) developed a fuzzy decisigmp@t system
(DSS) for surety underwriters and brokers to useomtractor prequalification for
bonding a specific construction project (presentecchapter 2). The CDPM
presented in this chapter enhances this DSS ie thays: by incorporating more
surety experts in the development stage; by inolydind modifying more criteria
and to predict contractor default on a specificstarction project, particularly
contractor’s organizational practices; and by ajpglya new approach for fuzzy

rule base extraction.

The process of adding and modifying the input dateéo enhance the
developed DSS (Awad and Fayek 2012a) can be dividedhree categories: (1)
adding new evaluation criteria under the previoyshpared categories or
subcategories, (2) modifying some criteria to inwertheir quantification method,

and (3) adding new evaluation categories.

Many evaluation criteria that were not includedhe DSS were added to

the new CDPM, such as evaluation of the architegtreer (design consultant),
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which has been added as a subcategory under tfextpr@am evaluation. There
are three evaluation criteria to evaluate the ptogchitect/engineer: (1) “A/E
experience,” which evaluates the A/E’s experientcehie construction industry;
(2) “A/E reputation,” which evaluates the A/E’s tegtion in the construction
industry and his/her past experience with the emtdr (if any); and (3) “A/E

liability insurance,” which evaluates the level effors and omissions that A/E

carry and the claims history.

Some evaluation criteria were modified to make rthguantification
method reduce the subjectivity in the evaluatiolmcpss. For instance, the
contractor's experience regarding the proposedeptogize was previously
evaluated using a predefined rating scale from 7. fbhree numerical evaluation
criteria were added to evaluate the project sizeee&nce of the contractor: (1)
“past projects experience in size,” which is meaduais the number of projects
done in the past within the same size; (2) “ratidargest project,” which is the
ratio to the largest project done in the past; §Bd “project manager size
experience,” which is the number of projects wittlie same size that the project
manager has participated in. There are many @iteat have been added in the
same way to reduce the subjectivity in the evatmagirocess, under the following
subcategories: “project type/complexity experiehce project location

experience,” “project cost breakdown evaluatiompayment clauses,” “warranty
clauses,” “indemnity clauses,” “schedule extensicend price adjustment

clauses,” “liquidated damages/bonuses,” “toxic datardous substances and
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materials clauses,” “disputes/arbitration clausédgsign concerns clauses,” and

“bonding/security” evaluation.

One important evaluation component, “contractor'sgamizational

practices,” was identified by all five experts amndicant in predicting contractor
default. It was therefore incorporated in the CDPMach contractor's

organizational practice was evaluated using a nurobesvaluation criteria, as
shown in Table 4-1. This evaluation component messshow well the contractor
is prepared to manage the proposed project, acgptdi1ll project management
knowledge areas that contribute to project success, which are based on the
PMBOK® (Project Management Institute 2009). The 11 kegasrof project

management knowledge are: integration managemenpesmanagement, time
management, cost management, quality managementarhuresource
management, communications management, risk marggerprocurements

management, safety management, and change mandagemen

Table 4-1Sample of Contractor Default Prediction Model (CDP3Mib-models
and Evaluation Criteria (Inputs) (Awad and Fayek 2X0)

Project Aspects Evaluation

“Owner Evaluation” Sub-model
¢ Owner Type
* Owner Funding Ability

¢ Owner/Owner Agent
Experience

* Owner/Owner Agent
Reputation

“Subcontractors Evaluation”
Sub-model

¢ Subcontractors Bonds Valug
¢ Subcontractors Experience

Contractual Risk Evaluaipn

“Contract Wording/Type” Sub-
model

» Contract Form Wording
e Contract Type

“Payment Clauses Evaluation”
Sub-model

* Architect/Engineer Role
e Materials Payment

» Payment Process Timing
« Billing Requirement

Contractor's Organizational
Practices

“Project Time Management”
Sub-model

* Project Administrator
Experience

¢ Time Management Process
« Time Management Documents

“Project Cost Management” Sub-
model

« Cost Management Roles
« Cost Management Process
¢ Cost Management Documents
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Project Aspects Evaluation

¢ Overall Subcontractors
Qualification

¢ Scope Gaps between
Subcontracts

“Contractor Current
Evaluation” Sub-model

* Working Capital Trend

e Tangible Net Worth Trend
¢ Gross Profit Margin Trend
¢ Net Profit Margin Trend

« Debt to Equity Ratio

¢ Gross Profit Margin

* Net Profit Margin

“Contractor Work on Hand
Evaluation” Sub-model

¢ Contractor’'s Cash Flow

¢ Contractor's Operating Line

* Work on Hand to Aggregatiq
Limit

¢ Overbilled — for Contracts
Under Construction

¢ Underbilled — for Contracts
Under Construction

“Project Type/Complexity
Experience Evaluation” Sub-
model

« Past Similar
(Type/Complexity) Projects

« Key Employee
Type/Complexity Experience

¢ Project Manager
Type/Complexity Experience

“Project Size Experience
Evaluation” Sub-model

¢ Past Projects Experience in
Size
« Ratio to Largest Project

* Project Manager Size
Experience

“Project Schedule Evaluation”
Sub-model

« Expected Project Duration
¢ Overall Schedule Evaluation

Contractual Risk Evaluaion

e Holdback Amount
* Holdback Releasing

“Warranty Clauses Evaluation”
Sub-model

* Warranty Periods Clauses
Evaluation

» Performance Warranties
* Manufacture Warranties

* Clear Definition of Defective
Work

“Indemnity Clauses Evaluation”
Sub-model

» Contractor’'s Negligence

e Indemnity List

« Liability Cap

» Architect/Engineer Errors
“Schedule Extensions and Price

nAdjustment Clauses Evaluation”

Sub-model

¢ Acts/Omissions Extension
Clauses

e Stop Orders Extension Claus

» Delays Events Extension
Clauses

* Acts/Omissions Price Clause
e Stop Orders Price Clauses

» Delays Events Price Clauses|
* Notification Time Clauses

“Liquidated Damages / Bonuses'
Sub-model

e Liquidated Damages Cap

» Phased Completion —
Liquidated Damages

* Bonus Value

“Disputes /Arbitration Clauses
Evaluation” Sub-model

« Dispute Resolution Method
¢ Resolution Time Frame

e Architect/Engineer Role for
Documents Resolution and
Interpretation

es

5

Contractor's Organizational
Practices

“Project Quality Management”
Sub-model

¢ Quality Management Plans

¢ Quality Management
Responsibilities

* Quality Manager Experience

¢ Quality Management
Documents

“Project Human Resource
Management” Sub-model

¢ Developing Human Resource
Plan

e Acquiring and Developing
Project Team
¢ Managing Project Team

“Project Communications
Management” Sub-model

¢« Communication Management
Process

¢ Number/Types of
Communication Roles

¢ Communications Management
Documents

“Project Risk Management” Sub-
model

* Risk Plan/Identification/
Quantification

* Risk
Responses/Monitor/Control

¢ Risk Management Team
Experience

¢ Procurement Responsibilities

“Project Procurement
Management” Sub-model

¢ Procurements Manager
Experience

» Procurements Management
Documents

e Procurements
Plan/Administer/Close

“Project Safety Management”
Sub-model

¢ Safety Preplanning Meetings
¢ Safety Toolbox Meetings
« Site Safety Supervision

¢ Number of Workers per Safety
Person (on site)

¢ Safety Incentives
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Several evaluation criteria were considered to watal each knowledge
area. For instance, in order to evaluate how pegptre contractor is to perform
guality management for the proposed project, thieviitng 4 evaluation criteria

should be measured:

e Evaluation of the “quality management plans,” usitige following

predefined 5-point scale (Table 4-2);

Table 4-2Predetermined Rating Scale for Quality Managemé&artsP

Rating | Description

1 NO prepared quality plan, NO process to performliguassurance, and NO
process to perform quality control

> INADEQUATE prepared quality plan, INADEQUATE proceto perform quality
assurance, and INADEQUATE process to perform quabntrol

3 ADEQUATE prepared quality plan, AVERAGE process perform quality
assurance, and AVERAGE process to perform quatityrol

4 ADEQUATE prepared quality plan, ADEQUATE process perform quality
assurance, and ADEQUATE process to perform quadittrol

5 VERY ADEQUATE prepared quality plan, GOOD process gerform quality
assurance, and GOOD process to perform qualityaont

« Evaluation of the “quality management responsib8it’ This criterion is
quantified using categorical values (yes/no) towamsthe following
question: “Are the roles and responsibilities flbr@sources (both internal
and external to the project) involved with the agsue and control of
quality on the project well-defined?” If the answer‘yes,” the contractor

should provide a copy of the responsibilities dbsttion chart.

141



« Evaluation of the *“quality manager experience.” sTheriterion is
quantified as the number of years that the quahitinger worked in the
construction industry.

« Evaluation of the “quality management documentsihg the following
predefined 5-point scale (Table 4-3):

Table 4-3Predetermined Rating Scale for Quality Managemeduments

Rating | Description

NO prepared log/database (deliverables registed),dxe-prepared project quality
review form, and NO pre-prepared project qualitgulnentation process

POOR prepared log/database (deliverables regidB®OR pre-prepared project
quality review form, and NO pre-prepared projecildy documentation process

AVERAGE prepared log/database (deliverables registe/ERAGE pre-prepared
3 project quality review form, and INADEQUATE pre-pared project quality
documentation process

GOOD prepared log/database (deliverables regis&DOD pre-prepared project
4 quality review form, and INADEQUATE pre-prepared ofact quality
documentation process

GOOD prepared log/database (deliverables regis&D)QOD pre-prepared project
quality review form, and GOOD pre-prepared proppgality documentation process

The contractor should provide a demonstrationterdeliverables register
and quality review form to show how the qualitydefiverables will be recorded
and how quality reviews will be documented on theppsed project. Samples of

the definitions of all the predetermined ratinglssare presented Appendix H.

The one-on-one meetings held with the five sureqyeds (2 meetings
each) to determine the criteria for evaluating fiils& of contractor default on a
specific project resulted in a total of 120 CPDNduts. The inputs were divided
into three main categories: (1) project aspectduatian, (2) contractual risk

evaluation, and (3) contractor’s organizationalcpcas (as illustrated in Figures
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4-2, 4-3, and 4-4). These three categories incRBdesub-models to provide the
evaluator with an assessment of the intermediatputs; such as “owner
evaluation” and “subcontractors evaluation,” in iéidd to an assessment of the
overall contractor default risk on a specific pobjeTable 4-1 contains examples
of the sub-models and the evaluation criteria dorth in each sub-model.
Appendix E presents sample definitions; quantifozascales used to quantify the
evaluation criteria; threshold values (red flagmlow which there is a cause for
concern for the variable; and favourable valuesswagested by surety experts.
The red flags were created to enable the brokeinderwriter to conduct further

research regarding the variable that creates Hagd
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Owner Type

Owner Funding Ability

Owner/O.Agent Experience

Owner/O.Agent Reputation

Subcontractors Bonds Value

Subcontractors Experience

Overall Subcontractors Qualification

Owner Evaluation —

Subcontracts Scope Gaps

A/E Experience

A/E Reputation

Subcontractors
Evaluation

A/E Liability Insurance

Working Capital Trend

Tangible Net Worth Trend

Gross Profit Margin Trend

Net Profit Margin Trend

Architect/ Engineer
(Design Consultant) —

Debt to Equity Ratio Trend

Gross Profit Margin

Net Profit Margin

Contractor's Cash Flow

li

Contractor’s Operating Line

li

Work on Hand to Aggregation Limit

Project Team Evaluation

Overbilled — contracts under construction

Underbilled — contracts under construction

Past Similar (Type/Complexity) Projects

Key Employee Type/Complexity Experience

Project Manager Type/Complexity Experience

Work On Hand

Evaluation
Last Financial
Evaluation
Contractor ||
Evaluation
Current
Evaluation

Project Type/Complexity Experience Evaluation —

Past Projects Experience in size

Ratio to largest project

Project Manager Size Experience

Project Size Experience Evaluation —

Contractor Past Projects Experience in Location

Average Staff Location Experience

Project Manager Location Experience

Project Location Experience Evaluation —

Project Profit Margin Percentage

Total Sub trade Percentage

Project Labour Percentage

Project Material Percentage

Project Cost Breakdown Evaluation —

Project Equipment Percentage

Project Contingency Percentage

Expected Project Duration

Overall Schedule Evaluation

]

Project Schedule Evaluation —

Figure 4-2Project Aspects Evaluation
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Contract Form Wording

Contract Type

Architect/Engineer Role

Materials Payment

Contract Wording/Type

Payment Process

Payment Clauses Evaluatio+7

Billing Requirement

Holdback Amount

Holdback Releasing

Warranty Periods Clauses Evaluation

Performance Warranties

l—

Manufacture Warranties

—-{ Warranty Clauses Evaluatior'f

Clear Definition of Defective Work

Contractor’s Negligence

Indemnify List

Liability Cap

—»{ Indemnity Clauses Evaluatio‘af

Architect/Engineer Errors

Acts/Omissions Extension Clauses

Stop Orders Extension Clauses

—-| Schedule Extension Evaluati

Delays Events Extension Clauses

Acts/Omissions Price Clauses

Schedule Extensions and Pri
Adjustment Clauses Evaluati

3|m

Stop Orders Price Clauses

—-| Price Adjustment Evaluatiol

Delays Events Price Clauses

Notification Time Clauses

liquidated damages Cap

Phased Completion - Liquidated Damages

Bonus Value

Contractor's Responsibility —

Liquidated Damages / Bonuses

Toxic and Hazardous Substance

Owner Indemnify —

Unidentified hazardous substances offsite

Dumping Procedure

Toxic and Hazardous
Substance and Materials —
Clauses Evaluation

!
Contract Clauses Evaluation
|

Toxic and Hazardous Substance Insurance

Dispute Resolution Method

Resolution Time Frame

Architect/Engineer Role to resolution

Disputes /Arbitration
Clauses Evaluation

and interpretation of the documents

Contractor Responsibility for Extra Designs }
Incomplete Documents

Design Concerns
Clauses Evaluation

Bid Bond Type

Bid Bond Value

Bid Bond Acceptance Period

. Bid Bond

Consent of Surety Type

Consent of Surety/

Consent of Surety Value

Agreement to Bond

Consent of Surety Acceptance Period

Performance (Consent of Surety /Agreemen

to Bond value/percentage)

1

Contract Security

Labour/Material/ Payment I

Bonding/Security Evaluation}f

Figure 4-3 Contractual Risk Evaluation
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Project Management Plan, Directing, and Execut| : i
Project Monitor, Control, and Close PrOjeCt |ntegrat|0n Management ]

| Collect Requirements and Scope Define and Confrot

| Applying Constructability Principles

| Assigned Constructability Coordinator ProjeCt SCOpe Man agement

Project Administrator Experience

Time Management Process

Project Time Management

Time Management Documents

Cost Management Roles

Cost Management Process

Cost Management Documents "

Project Cost Management —

Quiality Management plans
Quality Management Responsibilities

Project Quality Management —

Quality Manager Experience
Quality Management Documents

Develop Human Resource Plan i
Acquire and Develop Project Team PrO]eCt Human Resource Manag emen

Manage Project Team —>

Overall Communication Management Process . . .
Communication Roles (channels) Number /Typess PrOjeCt Communications Managemeﬂ’f

Communications Management Documents

Risk Plan/ Identification/Quantification

Risk Responses and Monitor/Control Project Risk Management -

Risk Management Team Experience

Procurement Responsibilities

Procurement Manager Experience

Project Procurement Management—

Procurements Management Documents

Procurements Plan/Administer/Close

Safety Preplanning Meetings

Safety Toolbox Meetings

Site Safety Supervisor Project Safety Management  —

Contractor's Organizational Practices Evaluation

Number of Workers per Safety Person (on site)|
Safety Incentives

Pre-Authorized Employees for change
management process

Change Management Process
Change Manager Experience

Project Change Management —

Change Management Documents

Figure 4-4 Contractor’s Organizational Practices

4.4.2 Relative Importance Weight of the CDPM Input Criteria

In fuzzy expert systems, the fuzzy rules repredlemtexperts’ reasoning
process, by combining the inputs (‘If’ part) to el@hine the outputs (‘Then’ part).
One of the approaches used for developing thebhade for the CDPM depends

on determining the relative importance weights (RI8Y the input evaluation
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criteria. The inputs’ weights reflect the influencd the inputs on the
corresponding output.

A web-based questionnaire was developed to deterrtiie extent to
which surety experts perceive each of the evalnatiteria to affect the output in
the CDPM. Experts were asked to provide the RIWigisi rating scale ranging
from 1 ("minor influence”) to 5 (“significant inflence”). The experts were asked
to weight the importance of each criterion relativehe other criteria in the same
category, subcategory, or sub-subcategory. FigtBeshows an example of the
guestion included in that questionnaire. A samplé® questionnaire is presented
in Appendix F.

An invitation to fill the questionnaire was sent4® surety experts, and 33
responded, resulting in a response rate of 78.68%. participating experts were
both brokers and underwriters, which helped achiiversity in the acquired
knowledge. Figure 4-6 illustrates the classificatiof participating experts
according to the type of entity to which they beJoiThe roles of participating
surety experts varied between surety underwritekédar (11), surety manager
(10), vice president (3), senior account execut{l®, and senior surety
underwriter/broker (8). The experience of partitipg experts was quantified in
two ways: years in current role (average of 5.6g)and years of experience in
surety for construction (average of 13.9 years) €Rperience of participating
experts was quantified in two ways: years in currelte, and years of experience

in surety for construction. Table 4-4 shows thecpetage of surety experts in
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each category according to the number of yearkaim turrent role and in surety

for construction.

*1, Specify the influence of the following input variables on the Owner Evaluation:

1
Ne .
“Minor 2 3 4
Influence

Influence”

Owner Type {Private Unknown - Private Known - Public)
Owner funding ability

Owner oF owner agent experience

Owner or owner agent reputation

Comment:

-
“Significant
Influence®

*2. Specify the influence of the following input variables on the Subcontractors
Evaluation:

1
Ne
“Minor z 3 4
Influence

Influence”

Cbtaining bonds from subcontractors and total value of Bonds obtained
Subcontractors Experience

Cwerall Subcontractors Qualification

Scope Gaps between subcontractors

Comment:

s
“Significant
Influence”

Figure 4-5Sample of the Input’'s Relative Importance WeighteQionnaire

Company Type

Underwriter,
45.5%

N

Figure 4-6 Classification of Participating Surety Experts WiRBspect to
Company Type
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Table 4-4Levels of Experience of Participating Surety Expert

Level of Experience

Experience Category <1 1-4 5-8 9-1 13-16 17420-20
Years in Current Role 0 33.5%89.5%| 9% 9% 9% 0%

Years of Experience in
Surety for 0 18% | 15.3% 15.3%| 9% | 12.1%| 30.3%
Construction

4.4.2.1Questionnaire Results

To reach consensus regarding the assessment oélgtye importance
weights of the model input criteria, two approaclaes followed. The Delphi
technigque was used, first by conducting two rounidsxperts’ feedback, then the
developed group consensus system (presented inechBpwas used to finalize

the common scores.

As presented by Yousuf (2007) and Hsu and Sandf6d7), the Delphi
technique is a process to collect the opinions jaddgments of experts and to
achieve convergence on experts’ opinions regardimgrtain topic. The Delphi
technique is useful when it is unlikely or impogsilo collect the participating
experts together in the same physical location. e concept in applying the
Delphi involves conducting more than one roundesfearch, and providing the
participating experts with feedback regarding tpemn of the other experts in
order to reduce the variance in the experts’ resperfHallowell and Gambatese
2010). The Delphi technique involves an interacti@tween the researcher and

experts to obtain highly reliable data (Yousuf 208iallowell and Gambatese
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2010). After collecting the experts’ responsestf@ developed questionnaire, a
detailed report has been developed containing e found results. Only
aggregate findings were revealed, and no individiaaéh was associated with an
individual respondent. Experts were asked to rewlesvresults presented in the
report and provide the researcher with their contenand/or any changes in their
opinions. Table 4-5 presents a sample of the finputs from participating
experts. Each expert selected the level of infleemé each input on the
corresponding output. The influence level was eitH¢O influence,” or an
influence rate given using a 1 to 5 rating scaleerg 1 is “minor influence” and 5
is “significant influence.” The input’s influenceate was determined compared
with the other inputs in the same category (nobhite rate). The percentages
presented in Table 4-5 are the percentages ofuimbers of experts who selected
a certain influence level, compared to the totahber of experts who responded

(33). The shaded numbers represent the highestrgages.

Table 4-5The Relative Importance Weight of The “Owner Evéluad Criteria

Influence Level

Input variables for Owner N 1 5
Evaluation 0 “Minor 2 3 4 | “Significant

Influence " "

Influence Influence

Owner Type 0% 0% 0% 15% 52% 33%
Owner Funding Ability 0% 0% 0% 0% 6% 94%
Owner/O. Agent Experience 0% 0% 09 73% | 27% 0%
Owner/O. Agent Reputation 0% 0% 75% 25| 0% 0%

The questionnaire results were used to identifyntlost important criteria,

and to screen out those with a minor impact on lleading broker's or
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underwriter's judgment. After getting the feedbamkd changes from all the
participating experts, the final experts’ assessmemere provided to the
developed group consensus system to reach one fegileach importance value.
The final ratings were then used to generate thes rilnat logically relate each
input variable (i.e., the evaluation criteria) ke toutput variable. This activity is
explained later in this chapter. Due to the largmber of evaluation criteria, and
to the practical limitations of fuzzy expert system hierarchical organizational

structure was created for the input criteria.

4.4.2.2Using the Group Consensus System to Aggregate the
Questionnaire Results

Using Equation 4-1, the CWFs for the surety expesse used to reach one
aggregate value for each input relative importaneght RIW), where the
summation of each individual expert's scof§;}) is multiplied by the expert’s
consensus weighting factolCWF;') and divided by the summation of all

expertsCWFs.

YN_ IS} « Expert's CWF™
YN_ Expert's CWF"

Aggregated Input RIW ¥ = [4-1]

where Aggregated Input RIWis the aggregated assessment of the CDPM'’s input
(evaluation criteria) importance weights, aNdis the number of participating
experts who provided their inputs for th® evaluation criterion weight. For

example, if three experts with CWFs of 0.852, 0,4a@d 0.952 provided
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importance scores of 4, 5, and 3 respectively, thien aggregated relative

importance weight is calculated as shown in Equati@.

(4%0.852)+(5%0.427) +(3%0.952)
0.852+0.427+0.952

Aggregated Input RIW = =38 [4-2]

Table 4-6 presents the experts’ assessment scoltested for the input
criteria to evaluate the owner of the proposed trooson project. Under each
evaluation criteria, there are two columns. Thetfoolumn includes the scores
provided by each surety expert (the influence lewshile the second column
includes the experts processed score (multipliedhieyexpert's CWF). Using

Equation 4-1, the final importance values for “owrgpe,” “owner funding
ability,” “owner or owner agent experience,” andwieer or owner agent

reputation” on “owner evaluation” are 4.0, 5.0,,30d 2.0 respectively.

Table 4-60wner Evaluation Criteria Importance Weights

Owner Type Owner Funding Ability OwneIrEor O_vvner Agent| Owner or Owr_1er Agent
xperience Reputation
Experts Experts Experts Experts
Experts PrO(I:Dessec Experts PrO(I:Dessec Experts PrO(F:)essed Experts Proc?essed
Scores Scores Scores Scores
Score Score Score Score
3 0.0945 5 0.1575 4 0.1260 2 0.0630
4 0.1551 5 0.1938 3 0.1163 2 0.0775
4 0.1453 5 0.1816 3 0.1089 2 0.0726
4 0.1471 5 0.1839 3 0.1104 2 0.0736
5 0.1473 5 0.1473 4 0.1178 2 0.0589
5 0.1355 5 0.1355 4 0.1084 2 0.0542
4 0.0687 5 0.0859 3 0.0515 2 0.0343
4 0.0815 5 0.1019 3 0.0611 2 0.0407
4 0.1225 5 0.1531 3 0.0919 2 0.0612
4 0.0252 5 0.0315 3 0.0189 2 0.0126
5 0.1938 5 0.1938 3 0.1163 2 0.0775
3 0.1008 4 0.1344 2 0.0672 3 0.1008
4 0.1552 5 0.1939 3 0.1164 2 0.0776
3 0.1026 5 0.1710 3 0.1026 2 0.0684
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Owner or Owner Agent

Owner or Owner Agent

Owner Type Owner Funding Ability Experience Reputation
Experts Experts Experts Experts
Experts Prof:)essec Experts Prof:)essec Experts Prof:)essed Experts Progessed
Scores Scores Scores Scores
Score Score Score Score
5 0.1918 5 0.1918 4 0.1534 2 0.0767
5 0.1712 5 0.1712 3 0.1027 2 0.0685
5 0.1379 5 0.1379 1 0.0276 2 0.0552
4 0.1425 5 0.1781 3 0.1069 3 0.1069
3 0.0580 4 0.0773 4 0.0773 3 0.0580
4 0.1219 5 0.1524 4 0.1219 3 0.0914
4 0.1486 5 0.1857 3 0.1114 2 0.0743
5 0.1536 5 0.1536 4 0.1229 2 0.0614
5 0.0944 5 0.0944 3 0.0567 2 0.0378
5 0.1763 5 0.1763 4 0.1411 2 0.0705
4 0.0830 5 0.1038 3 0.0623 2 0.0415
5 0.0950 5 0.0950 4 0.0760 2 0.0380
4 0.1478 5 0.1848 3 0.1109 3 0.1109
4 0.1485 5 0.1857 3 0.1114 2 0.0743
3 0.0922 5 0.1536 2 0.0614 3 0.0922
5 0.1894 5 0.1894 3 0.1137 2 0.0758
4 0.1392 5 0.1740 3 0.1044 3 0.1044
4 0.0762 5 0.0953 3 0.0572 2 0.0381
4 0.1453 5 0.1816 3 0.1089 3 0.1089
Aggregated Aggregated Aggregated Aggregated
Score a0 Score &l Score &l Score el

4.4.3 Creating the Hypothetical Contractor Default Predidion

Cases

Surety underwriters and brokers do not currentlyudoent all evaluation

criteria (inputs) that were established in thisdgtuTherefore, the 33 surety

experts that participated in determining the re&atimportance weights for the

CDPM input criteria were invited to participate the evaluation of 100

hypothetical contractor default prediction casesM8F and rule base estimation,

and 27 responded. Many hypothetical cases werelajmab to cover the full

range of possible contractor default prediction nac®s. The cases were
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distributed among the experts, who were asked dwige the appropriate output
values according to the given input values. Evawabf each case included
assessment of the output value for each sub-mivdatidition to the output value
for the overall contractor default risk, based te given input values (120
criteria). Due to the experts’ time limitations,lpri00 hypothetical contractor
default prediction cases were created and evaluatetithese were sufficient to
cover all possible contractor default predictiorsesa The participating surety
experts were classified according to their CWF itie@e experience categories:
“low experience” if the CWF was less than 0.5, éimhediate experience” if the
CWF was more than 0.5 and up to 0.8, and “high eapee” if the CWF was
more than 0.8. Surety experts were consulted tohgetules to select the surety
experts for the contractor default prediction case$ollows: (1) each case would
be evaluated by a group of three surety experjsgd2h group of experts should
include the two surety roles (broker and underwyitend (3) each group should
include experts with different levels of experierfidat is possible). According to
the group formulation rules, 10 surety expert geowere developed as presented

in Table 4-7.
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Table 4-7Surety Experts Groups for Developing the Contrabteiault
Prediction Cases

Group No. Surety Role CWF Experience Level

Broker 0.962 High Experience

Group 1 Underwriter 0.684 Intermediate Experience
Underwriter 0.471 Low Experience
Broker 0.833 High Experience

Group 2 Broker 0.731 Intermediate Experience
Underwriter 0.473 Low Experience
Underwriter 0.962 High Experience

Group 3 Broker 0.762 Intermediate Experience
Broker 0.426 Low Experience
Broker 0.921 High Experience

Group 4 Underwriter 0.759 Intermediate Experience
Broker 0.156 Low Experience
Broker 0.951 High Experience

Group 5 Underwriter 0.756 Intermediate Experience
Underwriter 0.468 Low Experience
Broker 0.940 High Experience

Group 6 Broker 0.672 Intermediate Experience
Underwriter 0.479 Low Experience
Broker 0.849 High Experience

Group 7 Broker 0.505 Intermediate Experience
Underwriter 0.962 High Experience
Broker 0.848 High Experience

Group 8 Underwriter 0.515 Intermediate Experience
Underwriter 0.884 High Experience
Underwriter 0.912 High Experience

Group 9 Underwriter 0.762 Intermediate Experience
Broker 0.875 High Experience
Underwriter 0.901 High Experience

Group 10 Underwriter 0.781 Intermediate Experience
Broker 0.863 High Experience

Special forms were developed using Microsoft EXdel evaluate the
contractor default prediction cases. These form®wesigned in a way to make
the evaluation process easy and to enable the tetqgrovide the evaluation
assessment score to the final output in additiothéovalues of the intermediate
outputs. When the expert provided the assessmen¢ $or the outputs, these

output scores became inputs for the higher levieénT the expert provides the
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corresponding higher output assessment score. dhasfalso included an
explanation of every input factor and the meanih@wery scaling point in the
rating scale. All the instructions, explanationsd dlustrated graphical examples
regarding the evaluation process and how to usedéweloped forms were
developed and sent to all the participating expeits the cases. Each group of
surety experts were asked to evaluate 10 hypottietases. Each case contained
proposed values for each input evaluation criteridme experts were required to
provide the corresponding appropriate output assestsscore from their own
perspective. All the output criteria are quantifigglng a 5-point rating scale (as
recommended by the surety experts), except fofitakoverall contractor default
prediction value, in which a 7-point rating scalet¢ 7) is used. For scoring the
output values, experts were informed that they@aske integer values (i.e., 1, 2,
3...) or fractions (e.g., 1.2, 3.5, 4.7...). As a resafl this process, each of
the hypothetical cases contained the values of igeh evaluation criterion, and
the corresponding sub-model output value, in anlditto the corresponding
overall prequalification value. Table 4-8 presesamples of the owner evaluation
input and output values for 10 cases (evaluatefirbygroup of experts). After
obtaining the output values from each group of éhegperts, the assessments
were aggregated using Equation 4-3, according & GNVF for the experts

(aggregated values presented in Table 4-8).

Zﬁﬂ Expert Assessment ﬁ* Expert's CWF™
Aggregated Output Value ¥ = 4-3
ggreg p k YN _ Expert's CWF™ [4-3]

156



where Aggregated Output Value ¥is the aggregated CDPM output value, and
N is the number of participating experts who prouideeir output assessment for
the K" contractor default prediction case. Of the 100 Hiyetical contractor
default prediction cases developed, 70 were selecedomly for membership
function estimation and rule base developmentter@DPM, and the remaining
cases were used for CDPM validation and sensitaitglysis. A sample of the

developed cases is presented in Appendix G.

Table 4-8Sample of the Collected Cases for the Owner Evialn&ub-Model
(Awad and Fayek 2012b)

S Owner Evaluation

; Owner/Owner Owner/ Output | Output | Output

8 Owner Type Owng ' Agent Owner Expert | Expert | Expert Aggregated
Funding Experience Agent. 1 5 3 Score

Reputation

Groupl (Experts’ CWF) 0.962 0.684 0.471

1 Public 1 1 1 2.5 15 1.0 1.84

2 Public 3 0 3 4.0 2.5 3.0 3.29

3 Public 5 0 5 4.5 3.5 4.0 4.07

4 PrivateKnown 1 6 2 15 2.0 1.5 1.66

5 PrivateKnown 3 6 3 2.5 3.5 3.0 2.93

6 PrivateKnown 5 5 5 4.3 4.6 4.0 4.33

7 PrivateUnknown 1 9 1 1.0 2.5 1.5 1.60

8 PrivateUnknown 3 11 3 25 3.0 4.0 3.00

9 PrivateUnknown 5 15 5 4.5 4.0 4.6 4.36

10 | Public 1 5 5 3.6 2.0 3.0 2.95
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4.4.4 Membership Function Estimation

In fuzzy expert systems, the input criteria arecdbsd by linguistic terms,
which are represented by membership functions (MBFee MBFs for the
CDPM were estimated by integrating both knowledgsda and data-integration
approaches, as presented by Awad and Fayek (2Qit2ahapter 2, subsection
2.3.2). The MBFs were initially estimated with therizontal method, using the
expert knowledge that was collected via the MBFinestion web-based
guestionnaire. A sample of the MBF estimation goestire is presented in
Appendix H. For each input criterion, several valwa the quantification scale
(universe of discourse) for each fuzzy set weresemted to the surety experts to
assess which values correspond to which linguistims used to describe the
criterion. The experts’ responses were used tomete the membership degree
of each value in the fuzzy set representing eaxjuistic term for each criterion.
Next, the estimated membership functions were polated to the most practical
and commonly used shapes (triangular and trapdyoidee interpolation process
resulted in more than one solution representindh @aembership function. A
sample of the interpolation process results arsgmted in Appendix |. Finally,
all the possible MBF representations were testadgug0 of the hypothetical
contractor default predication cases. The inputueslfor each case were
presented to the sub-model to determine the caynelpg predicted output as a
crisp value. The variation between the predictetbauvalue and actual output
value (provided by the underwriter or broker) wakulated. The only difference

between each solution for the same sub-model wad/BFs that represent the
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input linguistic terms. The comparison between #weuracy of the different
solutions therefore reflects the accuracy of theRglBThe best MBFs were used

to build the CDPM (see chapter 3, subsection 3@.tore details).

4.4.5 Rule Base Development

Fuzzy rules can be developed using one of two nasth@l) extraction
using input-output, historical cases, or database&) using an expert or a group
of experts with knowledge of the research topicl @©@mpo 2004; Chen and Tsai
2005). Using the first approach helps in developurgs that reflect actual cases,
but it is often not enough to cover all possiblersrios of input-output (Wang
and Mendel 1992). To cover all possible scenartbss research used both
methods: input-output cases and experts’ knowlebg of which are described

next.

4.4.5.1Rule Extraction Using Input-Output Cases

The learning-from-examples approach was initialyloived for fuzzy
rule extraction from the available contractor défaarediction (input-output)
cases. In fuzzy expert systems, the relationshgbed®en the inputs and outputs
are expressed using linguistic terms. Figure 4-Gwshthe steps of applying
learning from examples for fuzzy rule extractionheT process started with
selecting a contractor default prediction case toatains crisp input values and
the corresponding output score. Then the casesltiapd output values are
transformed to the best linguistic terms. As présgrby Wang and Mendel

(1992) and Ross (2004), the transformation was donewo steps: (1)
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determining the membership degree of the input aatput values in each

linguistic term, then (2) selecting the linguistterms with the maximum

membership degree for the input and output varsatiegenerate the fuzzy rule.

The detailed algorithm for fuzzy rules extractiororh contractor default

prediction cases was performed according to tHeviahg detailed steps:

Select a contractor default prediction case/inganc

Select an input value.

Determine the membership degree of the input i daguistic term and the
corresponding membership value.

Select the linguistic term that has the highest benship value for the input.

Repeat steps 2, 3, and 4 for all the input values.

Determine the linguistic terms for the output antke tcorresponding
membership values.

Select the linguistic term that has the highest benship value for the output.

Construct the fuzzy rule, where the “If" part cdntathe all the inputs’
linguistic terms and the “Then” part contains thpat’s linguistic term.

Determine the “degree of attainment.”

Repeat all the steps from 1 to 9 for all the awdaprequalification
cases/instances.

Review all the extracted rules for any conflicts.

For any conflicts, select the rule with the highdsegree of attainment and

eliminate the other conflicting rules.
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Each of the 70 cases is used in a similar way teeigge the rule base. In
fuzzy rules extraction using learning from exampieg always possible to have
conflicting rules. Conflicting rules are rules witihe same linguistic terms for the
inputs but different linguistic terms for the outgWang and Mendel 1992). To
resolve the problem of conflicting rules, a valsecalculated for each rule. This

value depends on inputs’ and the output's memberdagrees and is called the

“degree of attainment” (DoA) (Ross 2004).
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| Selecting a prequalification case/instance |<7

>I Selecting aninput value

| Determining the linguistic terms and membershipeslfor the input|

v

| Selecting the linguistic term having the highestmbership value|

No Are all the inputs’
linguistic terms
determined?

| Determining the linguistic terms and membershipealfor the outputl

v
| Selecting the linguistic term with the highest mearghip value |

v
| Constructing the fuzzy rule |

v

| Determining the “degree of attainment” (DoA)|

Are all the available
contractordefault
casesinvestigated?

No

| Checkingfor any conflicts |

v

| Resolving conflicts |

Figure 4-7 Fuzzy Rule Extraction by Learning from Examples @gslhand Fayek

2012Db)

The DoA is calculated as in Equation 4-4, Whﬂ;g&iS the membership

degree of the inputs according to the inputs’ valéer the contractor default

predication cases, and, is the membership degree of the correspondingubutp
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value, wheret is the number of inputs in tH& case. Then, only the rule that has
the maximum DoA is retained from the conflictingpgp of rules.
DoA! = Bl Xt X e Mot Xy [4-4]

Table 4-9 illustrates an example for the applicataf learning from
examples for rule extraction on the “owner evahmtisub-model. In this case,
there are 4 inputs for “owner evaluation”. (1) “csvntype” (a categorical
criterion), which was “private known” (i.e., thei® previous experience between
the project owner and the contractor); (2) “ownerding,” with a rate equal to 3
(average) on a 1-5 rating scale; (3) “owner/owmgena experience,” with 6 years
(medium) of experience in the construction indusaryd (4) “owner/owner agent
reputation,” with a rate equal to 3 (average) oh+& rating scale. Three surety
experts, with CWFs of 0.962, 0.684, and 0.471, sseskthe “owner evaluation”
as follows: 2.5, 3.5, and 3.0 respectively. Usingu&tion 4-3, the aggregated
output (“owner evaluation”) value is equal to 2edrage). The resulting rule is
as follows:“If ‘owner type’ is ‘private known,” ‘owner fundings ‘average,’
‘owner/owner agent experience’ is ‘medium,’” and f@x~/owner agent reputation’
is ‘average,’THEN ‘owner evaluation’ is ‘average.” The DoA of thislle is
equal to 0.778. Table 4-10 illustrates an examptevo conflicting rules with two

different values of DoA.
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Table 4-9Example for Rule Extraction by Learning from Exaeg(Awad and

Fayek 2012b)
Owner/Owner | Owner/Owner owner
Owner Type Owner Funding Agent Agent .
. . Evaluation
Experience Reputation
Private Known 3 (rating) 6 (years) 3 (rating) 2.9 (rating)
Linguistic Linguistic Linguistic Linguistic Linguistic
terms e R o terms | “Y | terms | “"| terms | *’
Public 0.00| Poor | 0.00 Low 0.10| Poor |[0.05| Poor |9
Private Known | 1.00| Average | 1.00 | Medium | 0.90| Average | 0.95| Average | 0.91
Private .
Unknown 0.00| Good | 0.00 High 0.00f| Good |0.00| Good 0.00
N/A 0.00 N/A 0.00 N/A 0.00 N/A 0.00 N/A 0.00
Degree o _ _
Attainment DoA=1.0%x 1.0%x 0.9 0.95% 0.91=0.778

The example illustrates (in Table 4-10) the inpaltres of two cases of the

“‘owner evaluation” sub-model, the correspondingpatitassessment of three

experts with three different CWFs, and the aggregadf the three assessment

values to obtain one output value. The rule with kigher DoA (case 1) was

retained. Table 4-11 presents a sample of the agttarules for “owner

evaluation” and the corresponding calculated DoA.
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Table 4-10Example of Two Extracted Conflicting Rules (Awadldrayek 2012b)

Input Evaluation Criteria

Output

Owner
Type

Funding

Owner

Owner/Owner; Owner/Owner

Agent
Experience

Agent
Reputation

Expert

Expert

Expert
3

Aggregation of the
"Owner Evaluation"
Assessment

DoA

Experts' CWFs 0.833 0.731 0.473 (2+0.883) +
Case 1 Experts’ Assessment (3.5*0.731) +
2.8*0.473) = 2.7
Input/Output Values| Publi¢ 1 2 3 ( ) 0.713
Membership 1.00 | 1.00 1.00 0.95 2 35 2.8 0.75
Degrees
Linguistic Terms Public Poor Low Average Average
Experts' CWFs 0.849 0.505 0.962 (4+0.849) +
Case 2 Experts’ Assessment (4*0.505) +
* =
Input/Output Values| Public 2 2 4 (3.50.962) = 3.8 0.248
viempership 100 | 075 1.00 0.60 4 4 35 0.55
egrees
Linguistic Terms Public Poor Low Average Good
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Table 4-11Examples of the Extracted Rules for “Owner Evahudtiby Learning
from Examples

Inputs Output
Rules’
Owner/Owner | Owner/Owner DoA
Owner Type Own_e r Agent Agent Owne_r
Funding . . Evaluation
Experience Reputation

Public Poor Low Poor Poor 1.000
Public Average Low Average Average 0.713
Public Good Medium Poor Average 0.730
Public Poor Low Good Average 0.850
Public Good High Poor Good 1.000
Public Average Medium Poor Average 0.770
Private Known Poor Medium Poor Poor 1.000
Private Known Poor Medium Average Average 0.720
Private Known Average High Poor Average 0.650
Private Known Good Low Poor Average 0.970
Private Known Average High Average Average 0.713
Private Known Average Medium Poor Average 0.880
Private Known Good Medium Good Good 0.800
Private Unknown | Poor High Good Average 0.900
Private Unknown | Poor Low Average Poor 0.950
Private Unknown | Average Low Poor Poor 1.000
Private Unknown | Average Low Average Poor 0.950
Private Unknown | Good Medium Poor Average 0.740
Private Unknown | Good Medium Average Average 0.941
Private Unknown | Good Medium Good Average 0.980

4.4.5.2Rule Development Using Experts’ Knowledge for Inpus’
Relative Importance Weights

Fuzzy sets in the condition part of a rule musterdtie entire universe of
discourse, i.e., all combinations of input critesfeould be represented in the rules.
The rules created using the input-output cases db cover all possible
combinations of input variables. Therefore, a neehhique for developing fuzzy
rules was applied to generate the required rulesotoplete the rule base. The

fuzzy rules represent the relationship betweeninipets and the outputs. The
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proposed technique considers the relative impoetamtuence of the input
evaluation criteria on the determination of theulésg output. The results of the
relative importance web-based questionnaire (stiosed.4.2) were used for the
development of the proposed approach.

The steps for fuzzy rule development are illusttate Figure 4-8. The
process starts with determining the inputs’ reimportance/influence weights
(RIW) on the output of all sub-models and the overallPGD for all possible
combinations of the inputs’ linguistic terms. Th®gosed approach converts the
input linguistic terms of each combination to nuitar ranking values to be
mathematically processed (using Equation 4-5) terdeéne an output ranking
value (as illustrated in the following example)ttigfinally transformed into the
appropriate linguistic term.

The relationships between the inputs and theiresponding outputs can
be positive/direct or negative/inverse. The positirect relationship means that
the change in the input associated with a changeenoutput is in the same
direction, i.e. when the input increases, the auitpereases and vice versa. In the
negative/inverse relationship, when the input iases, the output decreases and
vice versa. Then, for each combination of inputg, inputs’ linguistic terms in
the IF part(s) are transformed into ranking val(E) according to the number
of membership functions representing each input @edtype of relationship
between the input and the output. For exampleheafihput has three linguistic
terms (low, medium, and high) and has a positiveddirelationship with the

output, then the input linguistic terms are transfed to 1, 2, and 3 (ascending),
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respectively. If the relationship is negative/irser the linguistic terms are
transformed to 3, 2, and 1 (descending), respédgtividne output value for the

THEN part is calculated using Equation 4-5.

| Determining the inputs’ relative importance/infloenveights |

| Determining the possible combinations of the inplirtguistic terms |<—

v
Checkingthe completeness of rule basle

Do the developed
combinations
representa complete
rule base?

| Determining the type of relationship between thmiits and the outputs

v
4>| Eliciting one of the inputs’ combinations|

| Transformingthe inputs’ linguistic terms to nuncafivalues |

v

| Determining the outputvaluel

| Transformingthe output value to a linguistic ter}n

Are all the inputs’
combinations
processed?

| Obtaining a complete rule basel

Figure 4-8 Fuzzy Rule Development based on the Inputs’ ImpagaNeights
(Awad and Fayek 2012b)
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s
Ti=1 RV XRIW;

Output Ranking Value = ¢ [4-5]

S
L= RIV,

whereRV s the ranking value for th& input linguistic term in the IF part, RIW
is the relative importance weight for the inputs¢riéing from Equation 4-1), and
Sis the number of inputs. The result of Equatiob i$-mathematically rounded to
the closest integer value (1, 2, or 3), based oeethinguistic terms for all the
outputs. The resulting output value is then tramsém into a linguistic term.
According to the previous example, the output valae be 1, 2, or 3, which is
transformed to poor, average, or good, respectivalyof the previous steps are
done for all the inputs’ combinations to determitme corresponding output
(THEN) part for each missing rule in the rule bdeegyield a complete rule base.
Table 4-12 presents some of the developed rules ther “owner
evaluation” rule base. For example, for the seccask shown in Table 4-12, the
first input (“owner type”) is “public,” which is # third linguistic term (i.e., the
ranking value IRV] is 3). The second input is “average,” which ig thecond
linguistic term (i.e., the ranking value is 2). Afle linguistic terms in the IF part
of the rules are transformed numerically in the samay. The inputs’ relative
importance weights (RIW) are 4.1, 5.0, 3.1, and &r@m the web-based
guestionnaire, as explained in subsection 4.4.2e Torresponding “owner
evaluation” ranking value is calculated as in Egua#i-6, and the output ranking

value is rounded to 3, which corresponds to threl timguistic term (“good”).

"Owner Evaluation" Ranking Value = (3x4D)+(2x5.0)+(3x3.1)+(2x22) _ 2.5 [4-6]
(4.145.0+3.142.2)
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Table 4-12Examples of the Rules Developed for “Owner Evabrdtiusing Inputs’ Weights

Inputs’ Relative Importance Weights (RIW) 4.1 5.0 3.1 2.2
Calculated Transformed Output
L L . . ) Output Value Linguistic Term
Inputs’ Linguistic Term Combinations (IF part) Inputs’ Linguistic Terms Transformed into Numeri€anks
_ Owner/ Owner Owner/ Owner Owner Owner Owner/ Owner | Owner/ Owner Oowner _
Owner Type Owner Funding Agent Experience Agent_ Type Funding Age_nt Agent_ Evaluation Owner Evaluation
Reputation Experience Reputation
Public Poor High Average 3 1 3 2 2 Average
Public Average High Average 3 2 3 2 3 Good
Public Average NA Good 3 2 0 3 3 Good
Public Average NA NA 3 2 0 0 2 Average
Public Good Low Poor 3 3 1 1 2 Average
Public Good NA NA 3 3 0 0 3 Good
Public NA Low Poor 3 0 1 1 2 Average
Private Known Poor Low Poor 2 1 1 1 1 Poor
Private Known Average Low Average 2 2 1 2 2 Average
Private Known Good Low Poor 2 3 1 1 2 Average
Private Known NA Low Poor 2 0 1 1 1 Poor
Private Unknown Poor Low Poor 1 1 1 1 1 Poor
Private Unknown Poor High Average 1 1 3 2 2 Average
Private Unknown Average Medium Poor 1 2 2 1 2 Avera
Private Unknown Good Medium Poor 1 3 2 1 2 Average
Private Unknown Good Medium NA 1 3 2 0 2 Average
Private Unknown NA Medium Average 1 0 2 2 2 Average
NA Poor Low Poor 0 1 1 1 1 Poor
NA Average Low Poor 0 2 1 1 2 Average
NA Good Low Poor 0 3 1 1 2 Average
NA NA Low Poor 0 0 1 1 1 Poor
NA NA High NA 0 0 3 0 3 Good
NA NA NA Poor 0 0 0 1 1 Poor
NA NA NA Good 0 0 0 3 3 Good
0 0 0 0 0 NA

NA NA NA NA
T N N N N N NN .
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The “owner evaluation” sub-model contains four inpualuation criteria,
and each one has four MBFs that represent thregi$itic terms (e.g., poor,
average, and good), as well as the crisp N/A (pplieable) MBF. So, if there are
H inputs, each witlr membership functions, then the complete rule lbaséains
HF rules, consisting of “4or 256 rules. Sample of the final developed ridsds

are presented in Appendix J.

4.5 Model Validation and Sensitivity Analysis

The CDPM development process was completed by mmtisiy the
MBFs that represent the inputs and outputs, anddweloping a complete rule
base that represents the experts’ reasoning proteéss CDPM was validated
using the 30 hypothetical contractor default prediccases that were not used in
the CDPM development process. Each case contaiakesy for all the input
evaluation criteria and the corresponding outpwelall contractor default risk
assessment), based on the participating suretyrtekpssessment. The CDPM
was implemented using a fuzzy expert system sketizyTECH (Inform GmbH

2005).

A base case model was developed using the MIN (num) fuzzy
operator to combine the fuzzified values of theuinpariables, the PROD
(product) implication method to determine the otitfurzy set from each rule,
MAX (maximum) for rule aggregation, and the CoMr{te of maximum) for
output defuzzification. The base case model andytfive alternative system

configurations were developed to determine whiddtesy configuration produced
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the most accurate results. The configurations densd different input
aggregation methods (minimum, maximum, averagejymn minimum/average,
and minimum/maximum), different rule aggregation tmes (maximum,
bounded sum), and different defuzzification meth@@stre of maximum, middle
of maximum, centre of area, centre of maximum). pheduct method was used
for rule implication as it is the only available pfitation method in
FuzzyTECH. The characteristics of each system configuraom shown in

Table 4-13.
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Table 4-13Model Configuration for Validation and Sensitiviynalysis (Awad
and Fayek 2012b)

Scenario Fuzzy |Inference|Aggregation|Defuzzification Average 95%

# MBF Shape Operator | Method Method Method Percent|  Confidence
Error Interval

1 Piecewise Linear MIN PROD MAX COM 20.5% 16.8% - 24.9%
2 Piecewise Linear MAX PROD MAX COM 31.4% | 20.5% - 39.4%
3 Piecewise Linear AVG PROD MAX COM 19.5% 12.4% - 28.6%
4 Piecewise Linear PROD PROD MAX COM 33.2% 23.0% - 42.1%
5 Piecewise Linear MIN/AVG | PROD MAX COM 23.8% | 15.3% - 33.2%
6 Piecewise LinearMIN/MAX PROD MAX COM 26.3% 18.0% - 35.1%
7 Piecewise Linear MIN PROD BSUM COM 24.4% 18.5% - 31.9%
8 Piecewise Linear MAX PROD BSUM COM 28.2%| 17.3% - 38.9%
9 Piecewise Linear AVG PROD BSUM COM 23.0% 15.9% - 34.9%
10 Piecewise Linedar PROD PROD BSUM COM 25.0% 16.5% - 29.4%
11 Piecewise LinearMIN/AVG | PROD BSUM COM 28.1%| 16.3% - 36.0%
12 Piecewise LinearMIN/MAX PROD BSUM COM 26.5% 17.0% - 38.1%
13 Piecewise Linear MIN PROD MAX MOM 28.9% 20.0% - 37.2%
14 Piecewise Linear MAX PROD MAX MOM 41.3% 30.2% - 45.3%
15 Piecewise Linear AVG PROD MAX MOM 27.3% | 15.9% - 33.4%
16 Piecewise Linear PROD PROD MAX MOM 34.6%| 21.5% -44.7%
17 Piecewise LinearMIN/AVG | PROD MAX MOM 25.1% 17.5% - 33.2%
18 Piecewise LinearMIN/MAX | PROD MAX MOM 243% | 16.2% - 35.2%
19 Piecewise Linear MIN PROD BSUM MOM 245%| 17.9% - 32.8%
20 Piecewise Linear MAX PROD BSUM MOM 37.3% 31.0% - 44.5%
21 Piecewise Linear AVG PROD BSUM MOM 37.8%| 30.4% -45.2%
22 Piecewise Linear PROD PROD BSUM MOM 23.4% 16.1% - 29.9%
23 Piecewise LinearMIN/AVG | PROD BSUM MOM 41.5% 30.8% - 43.8%
24 Piecewise LinearMIN/MAX | PROD BSUM MOM 43.2%| 31.0% -44.2%
25 Piecewise Linea] MIN PROD MAX COA 13.5% | 10.5% - 18.6%
26 Piecewise Linear MAX PROD MAX COA 28.5% 16.9% - 37.9%
27 Piecewise Linear AVG PROD MAX COA 27.9% | 18.2% -38.1%
28 Piecewise Linear PROD PROD MAX COA 32.4%| 24.2% -43.5%
29 Piecewise LinearMIN/AVG | PROD MAX COA 28.1% 17.4% - 37.2%
30 Piecewise LinearMIN/MAX | PROD MAX COA 26.4%| 18.2% - 38.6%
31 Piecewise Linear MIN PROD BSUM COA 24.0%| 17.5% - 30.0%
32 Piecewise Linear MAX PROD BSUM COA 26.0% 17.4% - 38.4%
33 Piecewise Linear AVG PROD BSUM COA 29.4%| 17.6% -40.1%
34 Piecewise Linear PROD PROD BSUM COA 26.2% 16.3% - 30.5%
35 Piecewise LinearMIN/AVG | PROD BSUM COA 29.5% 18.5% - 36.3%
36 Piecewise LinearMIN/MAX | PROD BSUM COA 27.0%| 21.6% -34.7%

When the user enters the input values in the CDIRBICDPM processes
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assessment for both intermediate criteria (expdesgea scale of 1 to 5) and the
final output (i.e., overall contractor default risksessment), which is expressed

onascaleoflto?7.

For the final output, this rating scale represasetgen contractor default risk
levels: (1) extremely high risk, (2) very high rigB) high risk, (4) average risk,
(5) low risk, (6) very low risk, and (7) extremdtyw risk. A report consisting of
the input and output values can then be printedldoument the contractor’s

default risk assessment process.

For the surety bonding decision-making process,thé predicted
contractor default risk assessment is 4 (averay¢ or higher, the contractor will
likely be accepted for bonding. The CDPM has thditalio create “red flags”
(i.e., warnings) if any of the input and/or the mutt values is below a certain
threshold value (suggested by the five particigasarety experts). The red flags

are used to highlight particularly risky areas timaty lead to contractor default.

The CDPM was provided with the input values for 8@ehypothetical cases
to predict the possible risk of contractor defadlhe predicted risk values
provided by the CDPM were then compared with theeets’ assessment in the
hypothetical cases to measure the model’s acculd®yaverage percent error for

all the validation cases was calculated using Eqoat-6.

27‘1 |CDPM Value;—Actual Value; |
i=1| ActualValue; |

Average Percent Error = x 100 [4-6]

n
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“CDPM Value” is the crisp output value provided khe CDPM
defuzzification process according to the input ealdor each case; “Actual
Value” is the output value provided by the undetarror broker for each case; i is
the individual case number; and, n is the total beimof cases. Table 4-13
presents the thirty-six different system configimas that were tested, along with
the average percent error and 95% confidence aler¥he most accurate model
configuration, number 25 (shown bolded in Table3}-Xonsists of piecewise
linear membership functions: “minimum” for input giggation, “product” for
implication, “maximum” for rule aggregation, and efdre of area” for
defuzzification. This CDPM configuration has an rage percent error of 13.5%
(i.e., 86.5% accuracy) with a 95% confidence iraehetween 10.5% and 18.6%

(i.e., 89.5% and 81.4% accuracy).

4.6 Concluding Remarks

This chapter demonstrates how fuzzy logic and é&xpeatems techniques
were integrated to develop a model able to helptgyrofessionals in contractor
default prediction for specific construction prdjgor bonding purposes. An
important evaluation category, contractor's orgatonal practices, was
incorporated as input to the CDPM. The CDPM wadt lusing the expertise of
surety practitioners across Canada, and sever@refit knowledge acquisition
techniqgues were used. The group consensus syst€d$)(@as applied to
aggregate the experts’ inputs for the CDPM develpmA new approach for

developing fuzzy rules was presented to generatenglete the rule base. The
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CDPM was validated using 30 of the 100 contractdaudlt prediction cases, and

the accuracy was found to be 86.5%.
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CHAPTER 5. - Optimization of the Contractor
Default Prediction Model (CDPM)
for Surety Bonding'

5.1 Introduction

The performance of a fuzzy expert system (FESigisfecantly affected by
the accuracy of its knowledge base parameters (reship functions and rule
bases). This chapter presents a methodology togratee an FES with
adaptation/optimization techniques and apply th&a-dased adaptive learning
concept to increase the accuracy of the develogef for contractor default
prediction (CDPM) for surety bonding. Two optimimat approaches (genetic
algorithms and neural network back-propagation)ewevestigated for adaptation
of the fuzzy membership function (MBF) and rulesgcee of support (DoS) to
determine the most suitable technique to adapFHE®. The optimized FES was
validated using 30 hypothetical contractor defgpdediction cases, and the
highest accuracy of the system (adapted using heataorks) was found to be
91.83%. The optimization approaches presented laeldress FES context
adaptation using any changing information conveygthe input-output data, and
provide a methodology for continuous adaptatiorthef FES parameters, using

practical cases to adjust the FES according tachagges in context.

! Parts of this chapter have been published in thegedings, CSCE Annual General Conference,
Ottawa, ON, June 14-17, and submitted for pubbeatn Journal of Construction Engineering
and Management, ASCE, 30 manuscript pages, sulbhfitleruary 17, 2012.

183



5.2 Background and Previous Research

Different techniques have been used to develop Ieofie contractor
prequalification, contractor default predictiondasurety underwriting. Lam et al.
(2009 and 2010) used the support vector machinéMjSpproach to develop a
decision support framework for contractor prequadtion, and compared the
SVM system with neural networks (NNs) and princiggimponent analysis
systems. Plebankiewicz (2009) used fuzzy set théordevelop a model for
contractor prequalification, but the model was walidated. A decision support
for contractor prequalification was developed bynLand Yu (2010) using the
principle of multiple kernel learning (MKL), and thebetter accuracy than an
SVM system using a case study. Al-Sobiei et al08)dnvestigated building a
classification model for contractor default predint using NNs and genetic
algorithms (GAs), but the GAs presented betterltesiarsh and Fayek (2010)
developed a fuzzy expert system (FES) for suretgyenmriting to evaluate a
contractor’'s character, capacity, and capital. Blayar and Hastak (2010)
developed a scoring-based system for contractoqupliication for surety
bonding. Awad and Fayek (2012a) developed a cadotragefault prediction
model (presented in chapter 4) to assist in thetgusonding decision-making
process by providing an FES for evaluating the iptessisk of contractor default

on a specific construction project.

There is a need for a specific methodology for esysitic tuning of the
fuzzy systems’ knowledge base. Adaptation has re#nbaddressed in the

previously developed models for contractor defguédiction and/or contractor

184



prequalification. This chapter takes FES-adaptaitibm consideration to increase
the accuracy of the contractor default predictid&SHoreviously developed by

Awad and Fayek (2012a).

The fuzzy expert system (FES) is a context-orierggstem. One of the
main challenges in developing decision support esyst (especially fuzzy
systems) for the construction environment is canéalaptation, which involves
being tuned to any changes in the development xbatel making appropriate
adjustments. Construction of the suitable membprsanctions (MBFs) and
estimation of the fuzzy rule base are the mostl atad challenging issues in
designing an FES (Masoud et al. 2003). KangrangGmaleeraktrakoon (2007)
mentioned that adaptation of the fuzzy model’s kieolge base (MBF and rules)
is usually done manually. However, Pedrycz et1#97) pointed out that generic
MBFs for a fuzzy model can be adapted using a sketdo modify the model in
response to any contextual changes. In this chapeadaptation methodology is
presented using input-output (contractor defaudtdpmtion) cases to adjust the
originally-developed (generic) MBFs and rule badevgd and Fayek 2012a) to

any new environment (context) information convepgdvailable data.

Adaptation of fuzzy systems has been presentedeweral studies: (1)
Kasabov et al. (1997) introduced the architecture duzzy NN for applying
adaptive learning for fuzzy rule extraction; (2)g@ang and Chaleeraktrakoon
(2007) applied GAs for MBF adaptation for a fuzzgtem to estimate irrigation

efficiency; (3) Abraham (2005) presented severalcstires for fuzzy systems
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adaptation using NNs, but no specific model wasemeed; and (4) Pedrycz et al.
(1997) presented a framework for nonlinear contaldptation for fuzzy MBFs
using experimental data. However, investigation afore than one
adaptation/optimization technique applied to theesgroblem to determine the
most suitable technique has not been presentehislichapter, GAs and artificial
NN back-propagation, integrated with the FES sdpbraare both explored to
determine the best MBFs and the degrees of sugpo$) for the fuzzy rules.
Figure 5-1 illustrates the FES optimization/adaptafprocess by integrating an
optimization technique with the FES to adapt th&BEomponents to reduce the

error between the FES evolution and the experesuagion.

Desired
Output
Expert 41
(em )
FES with Adaption
Technique l
Predicted
Output
Adaption |«

Figure 5-1General Scheme for the FES Adaptation

Awad and Fayek’s (2012a) previously-developed Fi8sented in chapter
4) was used as the base model to develop two g@dfadapted models; the
optimized model that had the highest accuracy vgas to develop the contractor

default prediction software, called SuretyQualifica (as presented in chapter 6).
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5.2.1 Development of the Fuzzy Expert System Base Model

Developing the FES was done in three steps: (1groheing the model
input criteria and system structure, (2) estimatimgut membership functions,
and (3) developing the fuzzy rule base (see chaptéar more details). The
following sub-sections provide a brief descriptionthe FES developed as a base

model to apply the proposed adaptation process.

5.2.1.1Input Criteria and System Structure

The contractor default prediction FES developmerdc@ss started by
compiling a comprehensive list of the most impadrtamaluation criteria that
surety brokers and underwriters consider for géneomtractor and project
prequalification for surety bonding in the constroic industry. Several data
collection techniques (one-on-one meetings, inter@group meetings, and web-
based questionnaires) were used to collect theariesvaluation criteria. At least
20 surety experts across Canada participated irdifferent stages of the FES
development stages (see chapter 4 for more detait®) final list consists of a
total of 120 critera for evaluating the risk of t@ttor default on a specific
project. The evaluation criteria were grouped itibtoee main categories: (1)
project aspects evaluation, (2) contractual riskl@ation, and (3) contractor’s

organizational practices, as presented in Figuze 5-
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Figure 5-2 Thirty-one Sub-models of Contractor Default PradictFES (Awad
and Fayek 2012b)
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These three categories included 31 sub-modelsoiada the evaluator with
an assessment of the intermediate outputs, suctowaser evaluation” and
“contractor’s evaluation,” in addition to an assessat of the possible risk of

contractor default on a specific project. Each swdmel contains a number of

input criteria.

5.2.1.2Initial Estimation of FES Membership Functions

Initial estimation of the membership functions (MBFRvas done in two
steps: (1) using the horizontal method and (2)pdkating the resulting MBFs to
linear representations. A web-based questionrfApppendix H) was developed
to estimate the initial MBFs for the input evaloaaticriteria. The questionnaire
was sent to the 33 surety experts, and 21 responidesl questions included
several values for the elements in each fuzzy @eeéch criterion, and surety
experts were asked to assess which values of a dactor belong to which
linguistic terms used to describe the criterioneifhthe experts’ responses were
used to determine the membership degree of theepbiat the given point of the
universe of discourse in each fuzzy set (Pedryod &omide 2007). After
determining the membership values for all the moofteach fuzzy set, the initial
MBFs were determined. Then, the estimated membersainctions were
interpolated to determine linear shape approximati@riangular or trapezoidal)

for each linguistic term in each input criterion.

The interpolation process resulted in more thansmbetion representing each

membership function (Appendix I). Table 5-1 showsexample of the resulting
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10 alternative solutions (from the interpolatiomgess) for the percentage of the
“contractors’ work on hand to aggregation limit.hd triangular and trapezoidal
membership functions, for each linguistic term ime tinput criteria, were

described using four parametexrs:c, , , @and . In tudrgunctionsb =z .

Table 5-1Membership Function Solutions for Contractor’'s WorkHand to

Aggregation Limit

Solution No. 1 2 3 4 5 6 7 8 9 10

b |00l 00§ 00 00 0Q 00 0D 00 00 00

c |00 00| 0O/ 00 0 00 OD o0 00 0.0
Low d | 28.0/25.0]/22.0|20.0| 20.0| 20.0| 28.0| 25.0| 22.0| 20.0
o = a |40.0/40.0|/40.0| 40.0|/50.0| 47.0| 40.0| 40.0| 40.0] 40.0
é% b 120.00 28.0| 23.0| 22.5| 20.0| 28.0|23.00 22.50 20.0| 28.0
%_5 c | 40.0|40.0| 43.5| 40.0| 40.0| 40.0|43.50 40.0| 40.0y 40.0

c © | Medium

g > d | 59.0/59.0|59.0/59.00 50.0| 50.0| 50.0| 50.0| 56.0| 56.0
g;ﬂ a | 70.0/70.0/70.0| 70.0| 75.0| 75.0| 75.0| 75.0| 70.0; 70.0
b | 50.0|55.0| 60.0|50.00 55.0| 60.0| 50.0| 55.0| 60.0| 50.0
_ c | 75.0/80.0| 72.0|75.00 80.0| 72.0| 75.0| 80.0| 72.0 75.0

High d |100.0100.0100.0100.0100.0100.0100.0100.0 100.0100.0

a |100.0100.0100.0100.0100.0100.0100.0100.0 100.0100.0

Of the 120 evaluation criteria, 80 were quantifretmerically or using a
rating scale. The remaining 40 were quantified gistmisp (i.e., categorical)
values, and although not fuzzified, were also regméed by membership

functions in order to be included in the fuzzy expgystem (March 2008). For
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example, in Figure 5-3, the membership functiontf@ input variable “owner
type” is presented. Each x-axis value, “N/A”, “mte_unknown,”

“private_known,” and “public,” has a crisp membepshwith degrees of
belonging of 0 or 1 only. The x-axis value “privat@known” refers to a private
owner who has never dealt with the contractor leefathereas “private_known”
is a private owner who has experience with thereaidr in the past, and “public”
refers to a public project owner. N/A indicatesot'napplicable” or “not

available.” These crisp MBFs were excluded fromtta@ing/adoption process.

HA Private_Linkown Private_F.nown Public
1.0

0.8
0.E
0.4
0.2

0.0
1 25 4

Crizp_Walues

Figure 5-30wner Type Membership Functions

MBFs for the intermediate and final output variabtkd not need extensive
expert knowledge to be constructed. However, tinguistic terms used to
describe these variables were discussed with thicipating surety experts to
ensure terms typical to the industry were used dibrvariables. For all the
intermediate output variables, participating expagcommended using rating
scales from 1-5, as illustrated in Figure 5-4. Tdneerage” membership function
was given full membership at value 3 on the ratiogle, and zero at values 1 and

5. The membership function for the linguistic vate “poor” is considered
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anything less than average, so at the value 3jebeee of membership is equal to

zero. Similarly, “good” could be considered angthgreater than average.

M, Poor Ayverage [ood
10

ng

nE

04

0z

0oL ;
0

15 25 35 3
Rating

Figure 5-4 Example for théntermediate Output Rating Membership Functions

The output “contractor default prediction rate” wasated using a 1 to 7 rating
scale, and five linguistic terms instead of thiaeyrder to increase the overlap of
membership functions and to improve the consistearay accuracy of the rule
base. The five linguistic terms used are “veryiaaltrisk,” “somewhat critical

risk,” “average risk,” “low risk,” and “very low sk.” Figure 5-5 illustrates the

output variable “contractor default prediction rate

1 EII«M Yem_Critic_R S%W_Critic_RF. Awerage_Risk  LovWern Low Risk
0e

0E

04

0.2

00 o

1 2 ah al 7
R ating

Figure 5-50verall Contractor Default Prediction Rate Membgrdfunction
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The membership function “N/A” was added to eachutpnpmtermediate, and
output variable to provide the option of not inghgl any given input criterion
into the evaluation process. Commonly, some catare not available or not
applicable to the case being evaluated. Withousehsiteria, leaving an input
variable blank would automatically default it toetlowest x-axis value, which
would create inaccurate results (Marsh 2008). Hgctaeg the “N/A” for any

evaluation criterion, the FES takes out the infeeeaf that criterion on the output.

5.2.1.3Initial development of the FES rule base

In fuzzy expert systems, the relationships betwbennputs and outputs are
expressed using linguistic terms and representdd4zny rules. To determine the
rule base, two approaches were followed: (1) usipgt-output contractor default
prediction cases, and (2) using the relative ingrar¢ weights of the input
evaluation criteria. The learning-from-examples rapph was initially followed
for fuzzy rule extraction from 70 contractor defguiediction (input-output) cases
(chapter 4). To develop a rule base that covergtitiee universe of discourse for
all the fuzzy sets, all combinations of input aisieshould be represented in the
rules. Another technique was applied for developurzy rules, using the relative
importance/influence of the input evaluation crdesn the output (see chapter 4

for more details).

5.3 Fuzzy Expert System Adaptation

In the FES, the input evaluation criteria were aegosed into sub-models

in the hierarchal structure (as presented in Fidgu®) to avoid adaptation of

193



multi-layers, which produces inaccurate results(Mdtrock 1997). Each sub-
model contains a number of input criteria. The ea&abn criteria are on the first-
level inputs for the sub-models, while the outmftthe sub-models are the inputs
of the higher level in the FES hierarchical strueturhis structure provides the
evaluator with an assessment of the intermediatputal (sub-models), such as
“‘owner evaluation” and “contractors evaluation” @en the “project aspects
evaluation” category); and higher levels of intediage outputs (e.g., “team
evaluation”), which are an evaluation of a grousb-models, in addition to an

assessment of the overall risk of contractor dé&faul

Figure 5-6 illustrates the roadmap of the FES admpt process using the
hypothetical contractor default prediction cases, described in chapter 4
(Appendix G). Surety underwriters and brokers dbawrently document all the
evaluation criteria that are the inputs of the FEBerefore, 100 hypothetical
contractor default prediction cases were develdpedhe FES adaptation and
validation processes. Each case contained propadads for all the evaluation
criteria. The experts were asked to provide theesponding output values
(intermediate and overall) of contractor defaukkriaccording to the FES

hierarchical structure (see chapter 4 for moreild¢ta

The adaptation process started after determininlg tlaé possible
representations (i.e., solutions) for input MBFsnir linear interpolation of the
results of the horizontal method. In the GA adaptaprocess, all the alternative

solutions for MBFs were used to build alternativezy models (for each sub-
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model). Then 70 contractor default prediction caéesning set) were used to
measure the fitness for the individuals in eachegation during the training
process. At the end of the training process, tha& belution was selected for
validation using 30 unseen cases (validation detthe NN back-propagation
adaptation process, 20 contractor default predicti@ses (testing set) were used
to measure the accuracy of the previously-develagegtnative fuzzy models
(MBF solutions). The best solution was selectechpply adaptation using 50
contractor default prediction cases (training sat)the end of the optimization
process, the resulting solution was validated uding validation set. The
validation results from the two optimization proges were compared to select

the best-trained FES to build SuretyQualification.
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| Estimate membership functions using the horizamithod |

v

| Interpolate resulting MBFs to linear representation |

v

| Develop complete fuzzy rule base |

v
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Fuzzy-neural network Fuzzy-genetic algorithm
(NN) adaptation (GA) adaptation
\ 4
Measure the accuracy of all the 20 cases A 4
alternative solutions (Testing set) Conduct GA adaptation
* process
70 cases
| Select the best initial solution | (Training set)
v
| Conduct NN adaptation procesP— 5(.) cases - -
(Training set) A Obtain the best final
i 30 cases solution
| Obtain the best final solution | (Validation sef)
v v
Validate best FES | .| Validate best FES
adapted using NN | "| adapted using GA
| |
v
| Compare validation results |
v

| Select FES with highest accuracy |

Figure 5-6 The Roadmap for FES Optimization Process Using 1@otdr Default
Prediction Cases (Awad and Fayek 2012b)

5.3.1 Adaptation of the Fuzzy Expert System Using Genetic
Algorithms

Genetic algorithms (GAs) are iterative searchingoathms based on
principles inspired from natural genetics. GAs aptimization and/or adaptive

algorithms to find the optimal or near-optimal g@no for a given search space,
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and can be used for a wide range of optimizatiah laarning problems, such as
modifying and/or learning the parameters and impm@\he accuracy of fuzzy
systems (Cordon et al. 2004; Arun et al. 2007; Gorénd Herrera 2001,
Varkonyi-Koczy et al. 1999; John et al. 1996; Canl &Vu 1999; Palade et al.

1998; Goldberg 1989 and 2002; Holland 1975).

The typical GAs cycle is shown in Figure 5-7. Thtfstep in applying the
GAs is defining the initial population or alternadi solutions for the problem
where each solution, that includes a set of vagmbleing optimized, is encoded
and called chromosome (John et al. 1996). For tbpgsed FES adaptation, the
proposed solutions contain the inputs’ membersingtions and the rules’ degree
of support (DoS) values. Then each solution isweatald and ranked according to
a fitness function. Of the proposed solutions, &ods” with high performance are
selected to develop a new “generation.” Then the @&As operations (crossover
and mutation) are applied to produce new “childrieain selected “parents.” The
evaluation of the produced “generations” (solutjoiss done according to the
evaluation of the training cases using a fitnesgtion. The previous steps are
done iteratively until the problem criterion is iséed to reach the optimal or

near-optimal solution.

The detailed algorithm followed for applying GAs fihve adoption of the
contractor default prediction FES is illustratedrigure 5-8 and explained in the

following sub-sections.
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Figure 5-7 Genetic Algorithms (GAs) Adaptation Flow Chart

5.3.1.1Encoding Scheme

GAs, as a global search and optimization techniguek with a population

of chromosomes. A chromosome is generally a segquehdhe variables that

represent the problem-related information. Evenyaide sequenced to construct

the chromosome is called a “gene.” The organizasiod transformation of the

required problem-related information into a struetlichromosome is known as

“the encoding process” (John et al. 1996; Arslath ldaya 2001).

The first step in applying genetic algorithms isdinhg the suitable
representation and structure for the possible praldolutions. The optimization

process for the proposed FES included optimizatibthe MBFs for the input
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variables and the DoS for the entire rule baseréfbee, each chromosome that
represents the optimization problem should incltideinformation about MBFs
and the rules’ DoS. The linear MBF can be triang(é&her isosceles [Karr 1991;
Park et al. 1994] or asymmetrical [Cordon and Herd97; Kinzel et al. 1994])

or trapezoidal (Herrera et al. 1995; Karr and Geh®93).

The GA-based optimization process for the FES ohaiuoptimization of the
MBFs for the input variables and the DoS for tharerrule base. As presented in
Table 5-2, each chromosome that represents thmiaption problem consists of
two parts: the MBF part and the rules’ DoS parte TMBF part includes the
parameters that describe the linear (triangularapezoidal) MBFs for all input
criteria. The rules’ DoS part includes the impocawalues for all the fuzzy rules

in each sub-model’s rule base.

Table 5-2Chromosomes Coding Structure (Awad and Fayek 2012b)

Problem MFB Part Rules’ DoS Part
Solutions Linguistic | Linguistic | Linguistic | Linguistic |Rule 1Rule ZRule --Rule ¢
"Chromosomes| Term “1” | Term “2” | Term “--*| Term "U" ["'DoS" "DoS" "DoS" "DoS"
Solution 1 ar1biiCirdifaobioCiothg--- --- --- ——-jagybryCiythy Rz Rz - Riq
Solution 2 21021 Co1 Op1fap 22 CopOpp-=- == === === [apybpuCoylay Ro1  Roz  =----- Req
Solution n an1bn1Cn10n1l@n2bn2Cr2dng--- === - -—-|@nubnuCrudnd Rz Raz - Rnq
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Figure 5-8 The Detailed Algorithm for FES Adaptation Using @&a
Algorithms

200



The values that describe the problem parametersF(MBDoS) can be
represented in two ways: either binary (Chien e2@02) or real coded (Chi et al.
1996; Myung et al. 1997; Aleksandra 1998; Goldb&889). The real coding
approach was followed. In real coding there is ifi@ietnce between the genotype
(i.e., the real values of problem’s parameters) Hrel phenotype (i.e., search
space). In other words, real coding means theviadaks of the problem are used
for building the chromosomes and the GA operatoesagplied to the real values
without any intermediate transformation processalR®ding is very effective
(Varkonyi-Koczy et al. 1999; Goldberg 1989; Alekdem 1998), especially for
continuous optimization problems and in avoiding tepeated conversion from
genotype to phenotype for fitness evaluation (Vawkdkoczy et al. 1999;
Cordon et al. 2004). The coding and optimizatiorthef MBFs and rules’ DoS
were conducted on the basis of the following asdiomp and constraints (Awad

and Fayek 2012b and 2011):

* A fixed number of linguistic terms, MBF parameteasd rules were used for
all solutions for the same sub-model, to avoid @mnges to the chromosome
structure.

» Each MBF in the input criterion was representedday numeric valuesa( b,

c, andd).
* The complete rule base was considered, such thabsdible combinations of

input linguistic terms of all the input variablegrg used for rule formulation.
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5.3.1.2Initial Population

The initial population to apply the GAs optimizatican be developed by
one of the following methods (Jarmo 2006): (1) @nty-generated solutions
(Cordon and Herrera 2001; John et al. 1996), (Prapmate solutions (using
knowledge from experts), (3) solutions of similaolgems, or (4) a mixture of
three methods. The initial population was developgdntegrating knowledge
from experts and randomly-generated solutions.tkerMBF part, all the linear
approximations for the calculated MBFs were congidas the initial population.
For the DoS part, the DoS for all the rules inrle base were initially randomly

generated.

5.3.1.3Fitness Technique

The real challenge when implementing GAs is findthg appropriate
method to measure the status of performance of eladmosome (solution) at
the beginning of each generation. This measuralisctthe “fitness function,” by
which each solution is selected or rejected foticapon in the next generation.
According to the fitness value, the high-performimqgoblem solutions
(chromosomes) are accepted and produce severascopthemselves, while the
poorly-performing solutions will be rejected andt pooduce any copies (Palade

et al. 1998).

The MBFs parameters and rules’ DoS were used tod btine
individuals/solutions for each sub-model using azfu expert system shell,

FuzzyTECH (Inform GmbH 2005). Then the input values for 7éntcactor
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default prediction cases (training set) were priegseto each individual/solution
to predict the corresponding output value. TheeB value for each solution
chromosome was determined according to the errtwelss the target output
values (provided by the surety experts) and thdigted output values (provided
by the FES). The fithness value was used to deterihithe problem solution was
rejected (poor-performing solution) or producedesal/copies (high-performing
solution) (Ross 2004; Arslan and Kaya 2001; Palateal. 1998). In each
generation, the two solutions with the lowest pernfance were rejected, and the
two highest performing solutions were doubled. Tiiress value for each

chromosome (i.e., solution) was calculated as Vdlto

» Calculating the total error for each individualngiEquation 5-1 (Ross 2004
and Arslan and Kaya 2001),

Total Error = Y7 (¥; — Yeai)® [5-1]

wheren is the number of cases used for fitness evaluations the given output
value (by the surety experts) for tfe input case, angl;4; is theoutput value for

thei™ input case that is obtained by the model.

» Calculating the fitness function value using Equatb-2 (Ross 2004 and
Arslan and Kaya 2001),

Fitness Value = BV - Total Error [5-2]

BV refers to a big value (more than the maximum etrat can be reached) that

will be used to convert the minimization processa tmaximization process and to
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prevent the fitness value from getting negativaugsl For the final output, a 7-
point rating scale was used to quantify the prediaisk of contractor failure.

According to Equation 5-3, the maximum total ewalue could be equal to 3430.

Maximum Total Error = Y./%,(7 — 0)2 = 3430 [5-3]
» Scaling the fitness value using Windowing scalagjn Equation 5-4 (Arslan
and Kaya 2001),
Fwi = fi = fiowest [5-4]
whereF,; is the windowing scaled fitness value of tehromosome; is the

unscaled fitness value of tH%dhromosome, anhwest IS the lowest fitness value.

5.3.1.4Parent Selection

Although there are several different methods torycasut the parent
selection procedure, the proportional selectionhoettis used here. As presented
by Arslan and Kaya (2001), Equation 5-5 was usedet@rmine the number of

copies of each individual in the next generation.

. (Scaled Fitness*Population Size
Number of Copies = e ) [5-5]
Total Scaled Fitness

As an example, Table 5-3 presents the total aveeag®, fitness, and
scaled values for the 10 solutions (the initial yagon) of the “owner
evaluation” sub-model. The “number of copies” colurshows that the best
solutions (solutions 1 and 4) were doubled, andtewis with the lowest accuracy

(solutions 3 and 7) were eliminated.
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Table 5-3Initial Population (Generation 0) for “Owner Evalioa” Sub-model
(Awad and Fayek 2012b)

. Owner Evaluation Sub-model
Solution . Scaled Number of Average
Number Total Error Fitness Value Copies Error/Solution
Solution 1 98.56 3331.44 105.50 2 42.05%
Solution 2 162.35 3267.65 41.71 1 45.32%
Solution 3 201.55 3228.45 251 0 47.08%
Solution 4 86.55 3343.45 117.51 2 39.90%
Solution 5 142.91 3287.09 61.15 1 43.90%
Solution 6 132.74 3297.26 71.32 1 43.65%
Solution 7 204.06 3225.94 0.00 0 48.61%
Solution 8 108.38 3321.62 95.68 1 42.17%
Solution 9 167.44 3262.56 36.62 1 46.31%
Solution 10 | 128.95 3301.05 75.11 1 43.26%

5.3.1.5Genetic Algorithms Operations

The next step is generating new children from thkecded parents. The
genetic operators were applied in order to obtaw mhromosomes from the
selected chromosomes. There are two basic genp@cators: crossover and
mutation. The crossover swaps parts of two chromeso according to a
crossover probability, in order to create new clwsomes. Mutation is the
process of reinjecting any information that may endween lost in previous

generations (Goldberg 1989).

5.3.1.5.1Crossover

Crossover is the most important operator in GAspfesented by Munakata

(2008), Arslan and Kaya (2001), and Cao and Wu9g},990ssover is the process

205



of information exchange of two ‘parent’ chromosane produce a new

chromosome, as shown in Figure 5-9.

Before crossover Next generation solutions
(offsprings)

Crossing point

- -

Soution1 [ | [T TV 141111} [CITTTTT[TTTT]

_____

- -~

Sotion2 [ [ [ TP T4 T VT 1) LETTTHTTTTITT]

~ - -

Figure 5-9 Crossover Operators to Generate New Generations

Crossover in GAs can be performed in several way$ollows:

e One-point Crossover

The main concept of one-point crossover is rand@algcting a crossover
position. Then, keep the bits before that posittod swap the bits after the

crossover position between the two parents (astiddted in Figure 5-9).

*  Two-point Crossover

The procedure of two-point crossover is similarthat of one-point
crossover except that two positions are selectatipaly the bits between the two

positions are swapped.

*  Uniform Crossover
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In this type of crossover operator, many crosspesitions are selected to
perform the crossover. Because the chromosomessaming the MBF and
rules’ DoS values were long, the uniform crossowas used by randomly
selecting many crossover positions to perform tlossover between parents and

to produce new children. This crossover processdeas in the following steps:

» Parent selection: two individuals from the genelp@loe selected parents)
were randomly selected.

Selection of crossover points: for each positionumber between 0 and 1 was
randomly generated. If the number generated favengposition was less than
the Pc (crossover probability = [0.5... 0.8]), thdmld #1 got the gene from
parent #1, and child #2 got the gene from parentGtBerwise, vice versa. In
other words, from the generated random numbersctbesover mask was
constructed. In the crossover mask, if the numkeeerated is less than the Pc,
then it is represented by 1; otherwise, it is repneéed by 0. Where thereisa 1
in the crossover mask, the gene is copied fronfitsieparent, and where there
is a 0 in the mask, the gene is copied from thersbgarent. Offspring
therefore contain a mixture of genes from eachrgahe number of effective
crossing points is not fixed. The process was tepeavith all parents to
produce the second offspring. A new crossover neskndomly generated for

each pair of parents (Beasley et al. 1993).
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5.3.1.5.2Mutation

According to Arslan and Kaya (2001), after prodgcannew generation, a
comparison between the old and new generationwaducted according to the
average fitness. If the average fitness of the gemeration was smaller than the
average fitness of the previous generation, a rancltange in the information of

the new generation was done, and that is knownuaation.

Each component of every individual was modifiedhwtobability R, and R,
was usually small (0.001... 0.01) (Beasley et al.319%ao0 and Wu 1999). To
implement the mutation process, another mask waglalged from random
numbers, with a length equal to the chromosometienging values between “0”
and “1.” In the mutation mask, if the number getentavas less than the,Rhen
it was represented by “1”; otherwise, it was reprnéed by “0.” Where there was a
“0” in the mutation mask, there was no mutatiord amere there was a “1” in the

mask, mutation was performed.

Since the problem attributes were represented Bl aqeding, the mutation

changed the value of a real number randomly, &sjuation 5-6:

Xiotd = Xinew = Xiowa + rand() X (MS — (=MS)) + (=MS) [5-6]

where Xoiq IS the attribute value before mutatiofn,exis the attribute value after
mutation, andMSis the mutation step which is selected to be 10% e
maximum scale value (%). For example, if the element that will be mutaited

in a 5-point scale MBF, then tidSwill be 0.5.
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Membership Value

Figure 5-10 illustrates the MBF representation f8As optimization
(MBFq), where q is the number of the input variablehi@ $ub-model and k is the
number of the linguistic term in the input critericAfter each training step, the
MBF values were checked according to the consggrgsented in Table 5-4. For
example, for each MBF, théb™ value could not be less than th& “value or

more than the¢” value.

Input Variable#q

Linguistic Term g, k Linguistic Term g, k+1 Linguistic Term g, k+2

an b11 an cn by du ap Cr b3 di2 C13 dis

Input (variable) Value

Figure 5-10Membership Functions Representation in GAs Optitiong Awad
and Fayek 2011)
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Table 5-4MBF Value Constraints for Linguistic Terms for Eddput Variable

(Awad and Fayek 2012b)

Linguistic Term NO43 Linguistic Term Noj » Linguistic Term Nogy 3
a11 = Xmin &12>Xmin a13>Xmin
b11>= a1 bi1>= an b13>= a3
Ci>=bi1 C12>=hy, Ci13>=bis
di1>=ci1 di>=c12 di3= X max

bll! C111 dll’ al21 b121 C121 d121 &.31 bl31 Cl3< X max

The only constraint for rules’ DoS value (S) is &=1.

Xmin @nd Xnaxare the minimum and maximum values for the evalnatriterion
quantification range, respectively.

5.3.1.6Stopping Conditions

In GAs, there are several ways to define the stapponditions to decide
whether to continue the optimization process op $h@ process, such as: number
of iterations, time limit, and fitness limit. Théopping conditions were checked
after each generation. If one of these conditioas diccurred, the optimization
process stops. In the applied algorithm, the tlstepping conditions described

below were applied.

5.3.1.6.1Generation Number

As the number of generations (iterations) increasieel resulting fitness
values also increased and finally converged to ecifip value. When the
chromosomes subjected to evaluation gave fitneksesahat were almost the

same (with a difference less than or equal to %%l the average error between
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Average Error

three successive generations did not change, amandutation was used to
examine whether the population has reached itsnopti solution. If a mutated
population evolves to the same solution after garars, this solution is assumed
to be optimum. The best value for the number aohitens was found to be 40
generations. As an example, Figure 5-11 shows @eseptation of the average
error percentage for 3 sub-models, “owner evaladtio“subcontractor

evaluation,” and “architect/engineer evaluatiomfotugh 40 iterations. At the end
of the GAs training process, the best solution i{jwhe lowest average error
percentage) for each sub-model was selected tal ibhé overall optimized

contractor default prediction model.

Error Rate in the GAs Training
50.00% - ——Owner Evaluation

45.00% - Subcontractors Evaluation

40.00% - ) ) .
- Architect / Engineer (Design Consultant)

35.00% - Evaluation
30.00% -
25.00% -
20.00% -
15.00% -|
10.00% -|

5.00% -

0.00%

1 6 11 16 21 26 31 36
Iteration Number

Figure 5-11Average Percentage Error for 3 Sub-Models for dfations Using
the GAs Adaptation
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5.3.1.6.2Average error limit

One of the stopping conditions was defining a dpeaverage error
threshold. When the best average error (calculaydeiquation 5-7) in the current

population becomes less than or equal to 10%,|goeitlom stops.

¥ |Predicted Output;— Actual Value, |
i=1| Actual Value; |

Average Percent Error = X 100 [5-7]

n
where “predicted output” is the output value pr@ddy the model (i.e., solution)
according to the inputs’ values for the contraatefault prediction case, “actual

value” is the output value by the underwriter ookar for each case,is the

individual case number, amds the total number of cases.

5.3.1.6.3Population Convergence

The population is deemed to be “converged” wheratrexage error across
the current population is less than or equal tpexified percentage (5%) away
from the best solution (that has the lowest avesag®) of the current

population.

5.3.1.7Genetic Algorithm Implementation Results

The GA adaptation process was applied to the ctontaefault prediction
sub-models (separately) to adapt the input MBFsrates’ DoS. The results of
applying the GAs depended on the GA parametersssoker probability,
mutation probability, population size, and numbkgenerations. The population
sizes were determined according to the interpalatd the initially-estimated

MBFs (considering all the linear piecewise MBF es@ntations), and the initial
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DoS for a complete rule base were generated randwitth values between 0.0
and 1.0. Several values were tested for each pteanide best values were 0.6
for crossover probability, 0.01 for mutation proli&y and 40 for the number of
generations. As an example, Table 5-5 presentavbeage error percentages at
the end of the optimization process for the “prbjaspects evaluation” sub-
models. The results show that the model accuramgased significantly after the
training process. For example, the average perreot for the initial population
(the first solutions before the optimization praefor the “owner evaluation”
sub-model was 44.43% (accuracy of 55.57%), ancr afonducting the GA
optimization, the average percent error became220.8accuracy of 79.18%),
with 42.49% accuracy enhancement over the untraioeaer evaluation” sub-
model. The accuracy of the trained FES (using Gas)predict the overall
contractor default risk was found to be 88.54%uFeg5-12 presents the lowest
achieved average error percentages for the optihsedé-models. The resulting
FES was validated and compared with the FES traimedhe neural network

technique (as explained later in this chapter).
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Table 5-5Testing Results of the “Project Aspects EvaluatiSnb-models Before

and After the GAs Adaptation Processes (Awad anyelka012b)

Average Errc
"Project Aspects Evaluation" Sub-models (GA Adaptation)
Before Training  After Training

Owner Evaluation 44.43% 20.82%
Subcontractors Evaluation 40.48% 17.37%
Archltegt/Englneer (Design Consulta 31.83% 15.36%
Evaluation

Last Financial Evaluation 40.72% 22.12%
Current Evaluation 34.69% 12.54%
Project _Type/CompIexny Experien 39 84% 19.83%
Evaluation

Project Size Experience Evaluation 43.91% 19.98%
Project Location Experience Evaluation 27.85% 12.41%
Project Cost Breakdown Evaluation 34.97% 17.00%
Project Schedule Evaluation 27.78% 12.14%
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Average Percentage Error for the Final Trained "Prgect Aspects Evaluation” Sub-models

m Owner Evaluation m Subcontractors Evaluation m Last Financial Evaluation
m Current Evaluation m Project Type/Complexity Experience Evaluation Project Size Experience Evaluation
m Project Location Experience Evaluation Project Cost Breakdown Evaluation = Project Schedule Evaluation
22.12%
20.82% 19.83% 19.98%
17.37% 17.00%
12.54% 12.41% 12.14%

Average Percentage Error for the Final Trained "Cmtractual Risk Evaluation" Sub-models

= Payment Clauses Evaluation = Warranty Clauses Evaluation
m Indemnity Clauses Evaluation m Schedule Extensions and Price Adjustment Clausaki&tion
m Liguidated Damages / Bonuses Bonding/Security Evaluation

17.29% 17.20% 18.49%

15.06%

9
12.39% 11.33%

Average Percentage Error for the Final Trained "Cmtractor's Organizational Practices" Sub-models

H Project Integration Management u Project Scope Management ® Project Time Management B Project Cost Management
® Project Quality Management Project Human Resource Managemer Project Communications Management: Project Risk Management
= Project Procurements Management ® Project Safety Management Project Change Management
25.67% 25.30% 24.13% 27.07% 24.68% 24.88%
18.62% 17 40% 20.06% 20.06%

9.64%

Figure 5-12The Lowest Achieved Average Error Percentagedi®Qptimized

Sub-models
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5.3.2 Adaptation of the Fuzzy Expert System Using Neural
Networks

The neural network (NN) technique has the abildydetermine the non-
linear relationships between input and output fis;tand to incorporate data into
the model. NNs are generally introduced into fuexpert systems to extract rule
weights and identify membership functions to adapty systems using case data
(Tsoukalas and Uhrig 1997; Marsh 2008). The NN hardpagation technique
was investigated as an alternative technique tgtatkee originally-developed
(base) FES. The 100 contractor default predictases were divided as follows:
(1) 20 cases for testing, (2) 50 cases for trainemgd (3) 30 cases for final
validation, shown in Figure 5-6. As mentioned poengly in this chapter, the
interpolation process of the initially-estimated MBresulted in several solutions
for the input MBFs for each sub-model. All the afiive solutions for each sub-
model were implemented through an FES shell, FUEBHA® (Inform GmbH
2005), using the same configuration (rule basegstuDoS, fuzzy operator,
implication method, rule aggregation method, defication method); the only
differences between solutions for the same sub-moedze the MBFs that
represent the input criteria. Twenty contractoradéfprediction cases were used
for testing different solutions for each sub-mofeé same approach presented in
chapter 2, subsection 2.3.2.2.2). The input valaegach case were presented to
the sub-model to determine the corresponding predlioutput as a crisp value.
The variation between the predicted output valug artual value (given by the

underwriter/broker) was calculated for the 20 ca3éwe solution that had the
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lowest average percent error for each sub-model seéected to apply the NN

adaptation algorithm using 50 contractor defauddmtion cases.

5.3.2.1Architecture of the NN for Fuzzy Model Adaptation

The reasoning process in fuzzy systems depends set af fuzzy (IF-

THEN) rules. The “IF” part contains linguistic tesnfor the input evaluation
criteria. Each evaluation criterion includes a nembf linguistic terms /({),

where i is the number of the evaluation input criteriors 1,2,..1n;; and j

indicates the number of linguistic term of th#h input criterionj = 1,2,.../m;.
Each linguistic term is described by a MI&E and each crisp value of the

linguistic term has a degree of membersbgi‘p

Adaptation of a fuzzy system using NNs means tngirthe NN while it
works, similar to a fuzzy inference model. The gahstructure of the NN for
fuzzy model adaptation consists of input and outipyers, and three hidden
layers that represent MBFs and fuzzy rules (Kasat@l. 1997), as illustrated in
Figure 5-13. Each layer is associated with a pagrcstep in the fuzzy inference
process, as explained in the following sub-subgestiwith an illustrative

example (Sewilam 2002; Kasabov et al. 1997).

5.3.2.1.1Input Layers
Layer 1:

Layer #1 represents the values of the input evaluatriteria. Each
neuron in this layer does not introduce any chaongie received values; it just
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transmits external crisp signals directly to thetrlayer. Figure 5-14 shows an
illustrative example for one of the inputs for tlseibcontractor evaluation” sub-
model. The role of the first layer is simply to ee@ the “subcontractors bonds

value” (85%) and transmit it to the second layer.

Outputlayers

Rule layer

g 11 12 13 21
s
2
Fom G &
Figure 5-13Structure of the NN for Fuzzy Model Adaptation
Layer 2

Layer #2 represents the fuzzification process enftlzzy system. Neurons
in this layer represent fuzzy MBFs used in the @gdents (IF part) of fuzzy rules.
A fuzzification neuron receives a crisp input areledmines the degree to which

this input belongs to the neuron’s fuzzy MBF. Thativation function of a
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membership neuron is set to the function that §psecihe neuron’s fuzzy MBF.
In other words, the fuzzification process is cortddcaccording to the MBF or
each linguistic term for the input criteria. In th@me example (Figure 5-14), the
85% “subcontractors bonds value” has membershipegabf 0.0, 0.25, and 0.75

for the “low,” “average,” and “high” linguistic tems, respectively.

A Low Average High

Membership Value
o
~
al

0% A 100%
X, = Subcontractors Bonds Value = 85%

Input variable | Inputcrisp Linguistic term Membership
value degree
Low 0.0
Subcontractors
0,
Bonds Value 85% Average 0.25
High 0.75

Input membership values

Layer2 ____ High

Average

Input layers

Input crisp value

Figure 5-14Example for the Input Layers
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5.3.2.1.2Rule Layer

Layer3

Layer #3 represents the rule block, where each mepieesents a single
fuzzy rule. The connection weights between the isg@dayer and the third layer
represent the rules’ DoS. As in Figure 5-15, afeteiving the membership
values for each input (4 inputs in the illustrateseample) with the corresponding
linguistic terms, the output linguistic term withet corresponding membership

value is determined in this layer.

Output
membership values

t

Then-Part

Rule layer

Input membership values

Lo A Hi L Ave High Poor Averag Good
% 10 W verage igh 2 10 oW verage ig} % 10 g 3 10 Many Gaps ~ Somc Gaps No Gaps
£ 07 5 \ S 085 s
;é‘ _EL 0.60] g £08
E 0. 5 E 01 E o1
00 || % 00 o || % 00 > || %00 q
0% 100% 0 15 years 1 5 1 7
X, =Subcontractors Bonds Valuc=85% X,=Subcontractors Experience=3 years X; =Subcontractors Qualification=3.5 X, = Subcontracors Bonds Value=6
Rule R,
If...... Then  Variable Linguistic term Membership value DoS
If X4 Is High 0.75
and X, Is Average 0.40
and X3 Is Average 0.85 0.825
and X4 Is No Gaps 0.80
Then Y, Is Very Qualified 0.40

Figure 5-15 Example for the Rule Layer
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The output value in this example was determinecigushe ‘minimum’

operator from the four input values.

5.3.2.1.30utput Layers

Layer4

Layer #4 represents the MBF for the output of thesleh. Neurons in this
layer represent fuzzy sets used in the consequehtop fuzzy rules. An output
membership neuron combines all its inputs by utieguzzy operation union.
Layers

Layer #5 performs the defuzzification process tovte a crisp output
value. Each neuron in this layer represents aaiogtput of the model. It takes
the output fuzzy sets clipped by the respectivegrdted firing strengths and
combines them into a single fuzzy set. As presemiddgure 5-16, this layer has
received the output membership values 0.0, 0.4, G6dfor the three output

MW

linguistic terms, “unqualified,” “qualified,” andvery qualified,” respectively, as
a result for applying fuzzy rules (Layer #4). Thasing the specified aggregation
operator (centre of area) and the output MBF, thtpud value is determined (i.e.,

3.6).
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Output crisp value

w
ot
>,
i
praey
=
(=3
N
=
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Layer 4----- Output membership values
4 Unqualified Qualified  Very Qualified
8 1.0
<
s /\ /\ /\
o
2 0.60
2 0.4
g .\ \
= 0.0
1
Y, = Subcontractors Evaluation
Output Linguistic term Membership degree Output crisp
variable value
Unqualified 0.0
subcaniractors Qualified 0.40 3.6
Evaluation
Very Qualified 0.60

Figure 5-16Example for the Output Layers

5.3.2.2Fuzzy Model Adaptation Approach Using NN

Adaptation of a fuzzy model using NNs can be dopddiiowing one of

two approaches (Kasabov et al.

1997): (1) applythg back-propagation

algorithm to adapt either the rules’ DoS or the MBfpartially adaptive

approach), or (2) applying the back-propagatioorignm to adapt both the rules’



DoS and the MBFs (fully adaptive approach). Thedyfaldaptive approach was

applied for the contractor default prediction FBS|llustrated in Figure 5-17.

' ;

AVERAGE

1
1
* \eooR 600 Rule ] l - _I NotQualified _ SWauaified  Qualfied _ VeryQualfied _ ExtremelQuaif
IDoS 1 ol ‘
@a [ Rule 2 M \
(0} 08 4
E* ~! ‘A M
§ 1 203 4 5 6 7 :DOS 2) i i back
- AVERAGE I 05— iR Errorback -
=1 | / { N
2 = <700 ¢o9 I I sl Y — propagation
S I ol |\ 1 fuzzy e
=] I il Training
I I sl )1 1 neural
".’ 3 |DoSn, T 't network
i 1 2B 4 56 7 Rule n /I_ — 1 output
Fuzzification Inference Defuzzification Actual target
output

- A

Figure 5-17Fully Fuzzy Model Adaptive Approach Using NN

The input values for the training cases were piteseto each sub-model to
predict the output values. Then the network wasérhin an iterative process by
adjusting both the rules’ DoS and input MBFs. Tldaation process for the
neuro-fuzzy system can be summarized in the folignsteps (Sewilam 2002;

Awad and Fayek 2011):

* A training set that contains crisp input values &mel corresponding output

score is elicited.

* The training set is propagated forward, startirgfrthe first layer until the
predicted crisp output value is determined.

e Error or variation between the actual/target outpalie and the system’s

predicted output value is determined.
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» If the error is within the acceptable range (asingef by the developer),
another training set is presented to the systeohf@ward propagating is
applied.

» If the error is not acceptable, then the winnerraeus identified (according
to the unsupervised learning approach).

* The connection weight of the winner neuron is agjis

5.3.2.3NN Learning Algorithm

The NN training process was done in two phasesth@)feed-forward
pass and (2) the error back-propagation pass @letbtexplanation of the NN
training algorithm is presented in Appendix S). Teed-forward pass started by
propagating a training case forward through the BgSem to determine the
predicted output value. The error back-propagapass started by determining
error/variation between the actual/desired out@liles and the system’s predicted
output value. If the error was within the accepgatdnge (up to 5%), another
training case was presented to the system. Ifritoe was not acceptable, then the
"winner-takes-all" algorithm was applied (Inform Gkh 2005). If the winner
neuron represented a MBF, then its parameters megdfied, or the rule DoS
was modified if the winner neuron represented a,ratcording to the predefined
learning parameters. Two important parametersenited the adaptation process:
(1) the MBF step learning width and (2) the DoSdearning width. These two
values governed the changing values of the MBFrparars and rules’ DoS as a

percentage of the value before training. The tngmprocess ceased automatically
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when the average error was less than or equal tods%lfter conducting 100

training iterations.

5.3.2.4NN Implementation Results

The NN adaptation process was applied to the 3insudels to adapt the
input MBFs and rules’ DoS. All the MBF linear piedse representations for the
input MBFs were considered to select the best isplufor optimization. The
initial DoS was set at 1.0 for each of the ruldse Dptimization process depends
on the selected fuzzy operators (input aggregatioplication, rule aggregation,
and defuzzification) and/or the learning rates @wS and MBF) (Boussabine
2001). Awad and Fayek (2012a) conducted a sergitivialysis to investigate the
best fuzzy operators for the original (base) FERe $ensitivity analysis results
showed that the MIN (minimum) for input aggregatid?ROD (product) for
implication, MAX (maximum) for rule aggregation,&CoA (centre of area) for
defuzzification were the best operators. Therefthese operators were used
during the optimization process. Different valuesthe learning parameters (0.1,
0.2, 0.3, and 0.4) were used. Higher learning patara were not tried because
the FES accuracy declined when lgmrning parameter values increased. The best
step learning width for the DoS training was 01d #he best step learning width
for the MBFs training was 5%. Figure 5-18 presethis final average error

percentages for the optimized sub-models using NNs.

Table 5-6 presents the average error percentagetheatend of the

optimization process for “project aspects evaludtsub-models as an example.
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The results showed that the average error percesifag all the sub-models have
reduced significantly after the training processt &xample, the average percent
error for the “subcontractors evaluation” sub-mobefore training was 15.36%
(accuracy of 84.64%), and, after performing the blimization, the average
percent error was 6.58% (accuracy of 93.42%), tieguin a 57.16% decrease in
error. The accuracy of the trained FES (using NMs)predict the overall

contractor default risk was 90.02%.
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Average Percentage Error for the Final Trained "Project Aspects Evaluation” Sub-models

m Owner Evaluation m Subcontractors Evaluation m Last Financial Evaluation
m Current Evaluation m Project Type/Complexity Experience Evaluation Project Size Experience Evaluation
m Project Location Experience Evaluation Project Cost Breakdown Evaluation = Project Schedule Evaluation
17.00%
15.46%
10.56%
7:27% 5.93%
Average Percentage Error for the Final Trained "Cantractual Risk Evaluation” Sub-models

® Payment Clauses Evaluation u Warranty Clauses Evaluation

m Indemnity Clauses Evaluation m Schedule Extensions and Price Adjustment Clausaki&tion

m Liquidated Damages / Bonuses Bonding/Security Evaluation

18.25%
14.25%
8.69% 10.22% 9.08% 8.95%

Average Percentage Error for the Final Trained "Catractor's Organizational Practices" Sub-models

m Project Integration Management = Project Scope Management m Project Time Management m Project Cost Management
m Project Quality Management Project Human Resource Managemer# Project Communications Management: Project Risk Management
= Project Procurements Management  ® Project Safety Management Project Change Management

21.05%

13.28%
11.05%

. 9.24% 8.46% 7.85%
6.27% 5.88% 5.47%

6.25% 6.88%

Figure 5-18The Lowest Achieved Average Error Percentagedi®Qptimized

Sub-models

Table 5-6Testing Results of the “Project Aspects EvaluatiSnb-models Before
and After the NN Adaptation Processes (Awad ancck&p12b)
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Average Error
(NN Adaptation)

"Project Aspects Evaluation" Sub-models

Before Training

22.34%

After Training

15.46%

Owner Evaluation

Subcontractors Evaluation

Architect/Engineer (Design Consulta
Evaluation

Last Financial Evaluation
Current Evaluation
Project Type/Complexity Experience Evaluatior
Project Size Experience Evaluation
Project Location Experience Evaluation
Project Cost Breakdown Evaluation

15.36%
14.21%

13.65%
18.22%
21.35%
17.88%
13.22%
35.55%
26.41%

6.58%
5.82%

4.35%
9.25%
9.25%
7.27%
5.93%
17.00%
10.56%

Project Schedule Evaluation

At the end of the two optimization processes (usiregGAs and NNs), all

the resulting sub-models optimized by NNs presemd@er error percentages

than the sub-models optimized using the proposeda@dptation approach. The

higher accuracy obtained from applying the NN apphorather than the GA

approach could be due to the following:

* GA adaptation started with all the possible altéweasolutions (i.e., training

several solutions) for each sub-model. HoweverNM adaptation, the

best solution from the alternative solutions wakaed, and then the

optimization process focused on optimizing only lblest solution.

* GA adaptation started with random values for tHes'uDoS, which were far

from the accurate values; some rules that had Rp@ldo 0.0 may be

lost, and there were no cases (in the training teethange these values
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during the optimization process. On the other hahd, NN adaptation

process started with 1.0 for all rules’ DoS, sa¢hgere no missed rules.

5.4 Model Validation and Results

Conducting the two optimization processes for th€SFResulted in two
optimized FESs, one from GA adaptation and therdtben NN adaptation. A set
of 30 contractor default prediction cases that weseused in the development
process was used to validate each FES. Every cadaimed values for all the
input evaluation criteria and the correspondingpati{overall contractor default
risk value), based on the participating surety espevaluation. The predicted
risk values provided by the FES were then compuiddthe experts’ evaluation
in the contractor default prediction cases to memathe FES accuracy. Tables 5-7
and 5-8 show some of the validation results foratiapted FESs (using GAs and
NNSs) for the higher level of the intermediate ougputeam evaluation,” “project
specific,” “project aspects,” “contract clauses,’cohtractual risk,” and
“contractor’s organizational practices,” as well thg final “overall contractor
default risk value” output. The average percenbreior evaluating the validation
(30 unseen) cases was calculated. The results shohe the optimization
process (whether using the GAs or NNs) signifigaimtreased the accuracy of
the FES in evaluation of both the intermediate &ndl outputs. However, the

FES optimized by the NNs presented better validatgsults.

Table 5-7Validation Results for the FES Adapted Using GAsvédl and Fayek
2012b)
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Average Percent Erro

r

95% Confidence Interval

Outputs

Team Evaluatio

Project Specifi

Project Aspec

Contract Claust

Contractual Ris

Contracto’s Organizational Practic

Error

Percentage Accuracy
20.65% 79.35%
14.06% 85.94Y%
18.29% 81.71%
27.26Y% 72.74Y%
19.22% 80.78¥%
10.33% 89.67¥%

n 12.46% 87.54%

Error Percentage  Accuracy

8.60%
7.48%
9.74%
13.04%
7.26%
5.07%

6.22%

32.70%
20.64%
26.84Y%
41.48Y%
31.18%
15.59%

18.69%

91.40%
92.52%
90.26%
86.96Y%
92.74%
94.93%

93.78%

67.30%
79.36%
73.16%
58.52Y%
68.82%
84.41Y%

81.31%

Overall Contractor Default Predictiq

Table 5-8Validation Results for the FES Adapted Using NNs

Average Percent Erro

r

95% Confidence Interval

Outputs PeIrEcr(recr)\rtage Accuracy| Error Percentage Accuracy
Team Evaluatio 13.05% 86.95% | 7.59% | 18.51% | 92.41% | 81.49%
Project Specifi 6.95% 93.05% | 3.70% | 10.20% | 96.30% | 89.80%
Project Aspec 11.07% 88.93% | 6.81% | 15.33% | 93.19% | 84.67%
Contract Claus¢ 25.98Y% 74.02% | 13.76% | 38.19% | 86.24% | 61.81%
Contractual Ris 18.78% 81.22% | 7.87% | 29.69% | 92.13% | 70.31%
Contracto’'s Organizational Practic 3.29% 96.71% | 2.03% | 4.54% | 97.97% | 95.46%
Overall Contractor Default Predictic| 8.17% 91.83% | 5.75% | 10.59% | 94.25% | 89.41Y%

Table 5-9 presents the structure, configuratiod, ggvelopment of the base

(untrained) FES (Awad and Fayek 2012a), the opgthiZES using GAs, and the

optimized FES using NNs. The highest accuracy ier EES was achieved by

applying the NN back-propagation training algorithiine average accuracy of

the (untrained) FES for evaluating the final outfmyterall contractor default risk)

was 82.5%. The optimized FES accuracy (after thetfding) was increased to

91.83%, with 11.31% accuracy enhancement overrnhained FES.
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The validation results (calculated according tofthal output) showed that
the FES adapted using the GAs had an average peroen of 12.46% (i.e.,
87.54% accuracy), with a 95% confidence intervaiveen 6.22% and 18.69%
(i.e., 93.78% and 81.31% accuracy). The FES adayged) NNs had an average
percent error of 8.17% (i.e., 91.83% accuracy)hwit95% confidence interval
between 5.75% and 10.59% (i.e., 94.25% and 89.4d€aracy). The highest
accuracy for the FES was achieved by applying tNebslck-propagation training
algorithm, which was the most suitable approacbpiimize/adapt the contractor
default prediction FES. Sample of the final trailfdBFs and rule bases that are

used to develop the final FES are presented in AgigeK.
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Table 5-9The Base (Untrained) FES, FES Adapted by GAs, &fsl &dapted by NNs: Structure and Configuration

(Awad and Fayek 2012b)

System’s Components and

Operators Base (Untrained) FES Adapted FES Using GAs AdaptelES Using NNs
Membership Function Shape Linear Piecewise Line=oeRvise Linear Piecewise
Input Aggregation Operator MIN MIN MIN
Implication Method PROD PROD PROD
Rule Aggregation Operator MAX MAX MAX
Defuzzification Method CoA CoA CoA

Initial Estimation of MBF

Estimated using the Hamtal Method, then interpolated to triangular aregh¢zoidal shapes

Covers the entire universe of discourse, i.ega@ihbinations of input criteria were

Rule Base represented in the rules base
Generated randomly wit
Rules’ DoS Set at 1.0 for all the rulesralues between 0.0 and 1.0 Setat 1.0 for all the rules then

then trained

trained

Membership Function

All the possible MBF
representations were

All the possible MBF
representations were used

All the possible MBF
asepresentations were tested, and

Estimation tested, and the best initial population for the the best MBFs were used for the
MBFs were used. adaptation process. adaptation process.

Accuracy 82.5% 87.54% 91.83%

95% Confidence Interval 85.6% to 79.4% 93.78% t3&il 94.25% to 89.41%
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5.5 Contractor Default Prediction Model Implementation

The final FES that includes all the contractor d#&farediction criteria and
contains all the sub-models, described previousiys implemented using the

fuzzy expert system shell, FuzzyTE€Hnform GmbH 2005).

The fuzzy expert system consists of three partszifigation, inference
engine, and defuzzification, as illustrated in Feg6-18. After the values of the
contractor default prediction criteria (inputs) agatered into the model, the
fuzzification process begins. In fuzzification, tegstem calculates the degree of
membership for each linguistic term defining eagkedon. The fuzzification is
done according to the membership functions thatewsemstructed previously.
Then, the fuzzy operators are applied to the meshigervalues from each
evaluation criterion to link the combinations ofa&ation criteria to overall
contractor default prediction as a single valueefach rule. The MIN (minimum)
fuzzy operator was initially used. The next steppplying an implication method
for each rule to the output variable’s membershipction. The PROD (product)
was used as an implication method. The last ste¢hannference engine is rule
aggregation. Rule aggregation is the process ofboong the output sets from
each rule into a single output fuzzy set. The MAXakimum) rule aggregation
method was initially used. Defuzzification is tlast step, in which a crisp value
from the output fuzzy set is determined. The Cokh{ee of maximum) method

was initially selected as a defuzzification method.
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Figure 5-19FES for Contractor Default Prediction

5.6 Concluding Remarks

This chapter provides a methodology for fuzzy ekpgystem (FES)
adaptation to increase the accuracy of a previedesleloped FES for contractor
default prediction. Two different optimization teghues, genetic algorithms and
artificial neural network back-propagation, werelggd separately to adapt the
FES knowledge base (membership function and rulegrees of support). The
adaptation process enhanced the accuracy of thepsty-developed contractor
default prediction FES by providing results thag atose to the surety experts’
evaluation. The two adapted FESs were validatetgusie same unseen 30 of the
100 contractor default prediction cases, and ths¢ hecuracy was found to be

91.38% using the NN back-propagation algorithm. Tdsearch presented in this
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chapter also provides the contribution of determgnihe most suitable approach
(from the investigated techniques) for data-basdabtive learning of an FES
knowledge base. The NN adaptation approach, whittieaed better training
results than GA adaptation, can be used for fuadeptation of the FES, to adjust
the MBFs and rule base to any new environmentahtéstual) information

conveyed using input-output (contractor defaultprgon) cases.
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CHAPTER 6. - SuretyQualification Software

6.1 Introduction

Awad and Fayek’s previously-developed fuzzy expsystem (FES),
presented in chapter 4, was used as the base rwdglply two optimization
approaches (genetic algorithms and neural netwadk-propagation) to adapt
fuzzy membership function (MBF) and rules’ degréswupport (DoS) (presented
in chapter 5). The two optimized contractor defapiediction FESs were
validated to determine the one that has the highestiracy. The validation
process (using 30 hypothetical contractor defatddistion cases) showed that

the system adapted using neural networks has ¢fnes$ti accuracy, at 91.83%.

To enhance the practical benefits of the contradébault prediction FES, a
user interface needed to be developed to enaldmation between the evaluator
and the FES itself. This chapter presents the dpuatnt of a software tool called
SuretyQualification that provides a comprehensivel aystematic evaluation
process to evaluate contractors and their risketdut in performing construction
projects. The optimized FES that had the highestiracy was used to develop
SuretyQualification.  Through an easy-to-use, FEXaded interface,
SuretyQualification provides the evaluator with tantor default risk values
(overall and intermediate), as well as other denisnaking aids such as “Level

of Contractor Default Risk” and “Red Flags” (as kxiped later in this chapter).

'Parts of this chapter have been submitted for patiin in Journal of Management in
Engineering, ASCE, Awad A. and Fayek A. Robins@@1@). “Adaptive learning of contractor
default prediction model for surety bonding.” Maarigt, 30 pages.
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SuretyQualification can be used for contractor padification by surety
practitioners, as well as project owners, and clo assist contractors in
conducting self-assessments to discover the aledsntay cause default when

performing a specific construction project.

6.2 SuretyQualification Development

SuretyQuialification was created to allow interactlmetween the user and
the optimized FES by providing a means of storimg eiser input (120) criteria
and designating the system’s output. The Suretyifirzdion user interface was
created in Microsoft Exc8) using the Visual Basic editor macro. The traiff&®
was implemented using a fuzzy expert system sheflzyTECH (Inform GmbH
2005). The developed FES could not be implemensinguFuzzyTECH in one
single file, because FuzzyTECHillows for a limited number of the variables
(inputs, intermediate, and outputs) to be generatedach file. Therefore, the
overall contractor default prediction FES was daddinto four FESs and
implemented in FuzzyTECH as illustrated in Figure 6-1. The three models in
the lower level are created to evaluate the maiegoaies of the FES: (1) project
aspects evaluation, (2) contractual risk evaluati@md (3) contractor’s
organizational practices. These three FESs’ outprgsthe inputs to the FES in
the higher level, which provides the evaluationtted overall contractor default
prediction risk. A brief description for buildinge four FESs in FuzzyTECHare

presented in Appendix K.
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The contractor default prediction model (CDPM) thaas used for
developing SuretyQualification was built in a hretdcal structure with three
categories of variables: input, intermediate outpumd final overall output. The
evaluation criteria on the first-level of input pide intermediate outputs, which
become inputs for the next level. The input vagabbare the 120 evaluation
criteria that the user enters into the model tessshe possible risk of contractor
default. The intermediate output variables existliffierent levels in the model
hierarchical structure. The final overall output tiee predicted value of the

contractor default risk.

For example, the *“owner evaluation” sub-model idelsi four input
variables: “owner type”, “owner funding ability”, ovner/owner agent
experience”, and “owner/owner agent reputation”edéhinput variables provide
one of sub-models’ (intermediate) output values. (fowner evaluation”). The
sub-models’ intermediate output values (e.g. “ownevaluation”, and
“subcontractors evaluation”) then become inputs et@luate “project team
evaluation”. Then the “project team evaluation”twihe “project specifics/scope
evaluation” (which are also intermediate outputiatales) become inputs to
evaluate the “project aspects evaluation” whiclong of the FESs presented in

Figure 6-1.

The imprecision/uncertainty (i.e., “fuzziness”) aftermediate output
variables of the FES are carried through until meteing the (intermediate)

output of each of the three FESs’ in Figure 6-4.(f'project aspects evaluation”,
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“contractual risk evaluation”, and “contractor's rganizational practices”).
However, the (intermediate) output values of thtesee FESs are provided to the
fourth FES (“overall contractor default predictignds “crisp” (i.e., discrete)

numbers (with no imprecision in these numbers).

The approach that was followed to develop the CQdekkisted of building
sub-models (Chapter 4 — Sub-section 4.4.1) thatigeeathe intermediate outputs
in different levels of the model hierarchical sttwre, which were then used as
inputs for the higher levels to get the final oWerautput. Each collected
contractor default prediction case contained tipativalues for all 120 evaluation
criteria, values for all the intermediate outpuwts €risp values) in all the model's
levels, and a value for the final overall outputtbé contractor default risk
Chapter 4 — Sub-section 4.4.3). This approach wkswed for two reasons: (1)
to overcome the limitations of FuzzyTEE#h terms of the number of variables,
rule blocks, and operations that can be handledsimgle model and (2) to allow
for future calibration or adaptation of each subdelpwhich can be treated as a
separate model, since calibration/adaptation obdahwith many variables (e.g.,
120) and multiple layers produces inaccurate regiMbn Altrock 1997). This
approach provides the added advantage of beingtahise each sub-model as a

standalone model for contractor evaluation.

Executable, standalone instances of the four FE8ee vdeveloped in
FuzzyTECH and connected to the interface to facilitate the af the overall

FES by practitioners in the construction industry.
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System 1 System 2 System 3
Project Aspects Evaluation Contractual Risk Evaluation Contractor's Organizational Practices Evaluation

\ 4

System 4
Overall Contractor Default Prediction Risk

A 4
N

Figure 6-1The Hierarchical Structure of the FES Implementatio

6.3 SuretyQualification Interface

The SuretyQualification interface contains six Hxe®rksheets: “Input,”
“Output,” “Actual Input,” “Red Flags,” “Lists,” andInput Definitions” (Marsh
2008). The input worksheet prompts the user tosasee 120 input criteria by
posing appropriate questions and providing predeterd rating scales. The
output worksheet displays the model’s outputs. Rags are indicated on the
input worksheet if an assessment value beyond egptable threshold is entered.
The *“Lists” and “Actual Input” worksheets are fooftware organizational

purposes only.

6.3.1 Input Worksheet

The Input worksheet is where the user enters athefinput data. It has
been divided into three main sections: (1) projespects evaluation, (2)
contractual risk evaluation, and (3) contractor'sgamizational practices
evaluation. There are three types of evaluationertai according to their

quantification method: (1) criteria that are quéed using real numbers (e.g.,
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years, percentages, or number of projects); (2graithat are quantified using
predefined rating scales of 1-5, which provide glings for decision-makers to
assist them in their decision-making process; &)détegorical criteria that are
given discrete choices. When the user selects @figperiterion to quantify, an

information box containing detailed explanation @tbthe scalar value (i.e., a

description of what that value represents) showssjlustrated in Figure 6-2.

Owner Evaluation RED FLAG
Owner Type Pubic Private Known Priva

- Owner Funding Ability
Owner Funding "Owner funding” indicates the owner funding ability evaluation.

Owner/Owner Agest Experieace 1. .No financial responsibility clause on bid document, No Confirmation of project

Owner/Owner Agent Reputation financing, and LOW surety underwriter/broker satisfaction regarding the owner ability to
fund the project.
Subcontractors Evaluation 2. No financial responsibility clause on bid document, No Confirmation of project financing,
Subcontractors Bonds Value tar?ed ;\;;RCI:IGE surety underwriter/broker satisfaction regarding the owner ability to fund
Subcontractors Experience 3. Financial responsibility clause on bid document, No Confirmation of project financing,
— and AVERAGE surety underwriter/broker satisfaction regarding the owner ability to fund
Overall Subcontractors Qualification the project.

4. Financial responsibility clause on bid document, Confirmation of project financing, and

Subcoutracts Scope Gaps AVERAGE surety underwriter/broker satisfaction regarding the owner ability to fund the

Architect/Engineer (Design Consultant) project.
Evaluation 5. Financial responsibility clause on bid document, Confirmation of project financing, and
- HIGH surety underwriter/broker satisfaction regarding the owner ability to fund the
AJE Experience project. |

Al T — L

Figure 6-2 Example of an Information Box for Predefined RatBrple
Guidelines

For the categorical input criteria, drop-down meaus available to select
the appropriate value or input. “Not applicable” “apot available” (“N/A”) can
also be selected from the drop-down menus. N/Aalaa be entered into cells
that do not have a drop-down menu; however, if t iseleft blank, it will
automatically be considered as N/A. The memberi&iption “not applicable” or
“not available” (N/A) was added to each input vhlgato accommodate users

who do not want to incorporate particular variakilge the final output, or who
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do not have the input data available. A portiontled “Input” worksheet is

illustrated in Figure 6-3.
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qurety Bong
U2 General Contractor Default Prediction

Contractor Name/ID: ABC Construction
Project Name/ID: A012012

Date: March 20, 2012

Project Aspects Evaluation

Evaluation of two categories; Project Team and Project Specifics/Scope

1. Project Team Evaluation (Owner, Architect/Engineer, Subcontractors, and

Contractor)

Evaluation of project stakeholders (Owner, Subcontractors, Architect / Engineer (Design Consultant), and
Contractor)

RED FLAG

Pubic, Private Known, Private Unknown

Owner Type

2 Ovwner Fundmg Abiltty Scale of 1-5 2 RED FLAG

3 Ovwmner/Owner Agent Experience #years (0-15) i

4 Owner/Owner Agent Reputation Scale of 1-5 3

5 Subcontractors Bonds Value %Pecert@%-100% | = W
Subcontractors Expertence #years (0- 15)

7 Overall Subcontractors Qualdication Scale of 1-5 NA

LIl Subcontracts Scope Gaps Scale of 1-5 3

A/E Experience #years (0- 15)

A/E Reputation Scale of 1-5
A/E Liability Insurance Scale of 1-5

LastFinancial Evaluation

Workmg Capital (Leverage) % Percent (-30 % - 30%) RED FLAG

Tangible Net Worth (Leverage) % Percent (-30 % - 30%)

Gross Profit Margm Trend % Percent (-50 % - 50%)

Net Profit Margin Trend % Percent (-50 % - 50%)

Debt to Equity Ratio Ratio 1: (0 - 4)
Gross Proftt Margm % Percert (0 % - 25%)

Net Proftt Margmn % Percent (0% - 15%)

|Current Evaluation

Work on Hand to Aggregation Lunit % Percert (0% - 100%%)

Overbilled - contracts under ¢construction % Percert (0 % - 25%)

Underbilled - contracts under construction % Percent (0 %- 25%)

Contractor's Clash Flow Scale of 1-5

C'ontractor's Operatmg Lme Scale of 1-5

Figure 6-3 Sample of SuretyQualification Interface — Input
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The input numerical values are limited to the ranfealues presented in
the “Input Definitions” worksheet and beside eacditedon, according to the x-
axis value for each criterion. If the value enteiedutside of the specified range,
a message will appear that says “Input exceedssliniefaulted to ‘Maximum’ (or
‘Minimum’) value.” For example, for the factor “owen'owner agent experience,”
the minimum and maximum values of the x-axis aem@ 15 years, respectively.
If the user enters experience equal to 20 yeagg,sbr will receive a message that
says “Input exceeds limits, defaulted to 15 yeaasil SuretyQualification will

deal with this value as the maximum value (15 years

6.3.2 Output Worksheet

Once the user enters the evaluation data, he/sheevgew the “Output”
worksheet (a portion of the “Output” worksheetliastrated in Figure 6-4). The
“Output” worksheet provides the user with the caator default risk values for
all the sub-models, as well as the final overaltcactor default risk value (39
outputs are generated). The sub-model outputs alh@wser to discover areas
that need improvement or that should be investibéibether. The “Red Flag”
designations are also given on the “Output” worlkshe inform the user of any

critical values (i.e., values not within the acedyé range).
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qurety Bong,

,\5:9 General Contractor Default Prediction
'n Constructio®

Cont':'actor Name/ID: ABC Construction

Project Name/ID: A012012

Date: March 20, 2012

Project Aspects Evaluation
RED FLAG Risk Level

Project Aspects Evaluation
Scale of 1-5

Low Risk

Evaluation of two categories; Project Team and Project Specifics/Scope

1. Project Team Evaluation

P'°]°°tsI‘:;“°'fE‘1":’5'"au°" 3.0 RED FLAG Average Risk
R 3.0 RED FLAG Average Risk
Curient Svaluation | 3.0 [ RED FLAG Average Risk
2. Project Specifics/Scope Evaluation
Project Spe;i:i::i«f:«:ze Evaluation 3.5 Low Risk

Contractual Risk Evaluation
1. Contract Wording/Type Evaluation (Contract Form, and Contract Type)

Contractual Risk Evaluation . .
R‘”“‘G Aversge Risk

Contract Wording/Type
Scale of 15 3.0 RED FLAG

Average Risk

Contractor's Organizational Practices Evaluation

Contractor's Organizational Practices

Very Low Risk
Scale of 1-5
P t Integration M t -
e T | 4.3 [ Very Low Risk
B et | 2.7 [ RED FLAG Average Risk

Overall Contractor/Project Qualification Rate

Overall Contractor Default Risk Rate

Scale of 1-7 Very Low Risk

Figure 6-4 Sample SuretyQualification Interface — Output

According to the output values, the interface pdesi the user with the

“Level of Contractor Default Risk” for the intermatk (i.e., sub-model) and
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overall contractor default risk value (as showrTables 6-1 and 6-2). “Level of
Contractor Default Risk” is a linguistic descriptiof the contractor default risk

value.

Table 6-1Intermediate SuretyQualification Output Value arevél of Contractor
Default Risk

Intermedlatisgggéﬁgt&i Default Risk Contractor Default Risk levels
Less than or equal to 1.0 Very High Risk
More than 1.0 but less than or equal to 2.0 High Risk
More than 2.0 but less than or equal to 3.0 Average Risk
More than 3.0 but less than or equal to 4.0 Low Risk
More than 4.0 but less than or equal to 5.0 Very Low Risk

*Intermediate ratings are based on the followinglesérom 1-5

Table 6-2Final SuretyQualification Output Value and LevelQdntractor
Default Risk

Overall Contractor Default Risk Assessment* Contractor Default Risk levels
Less than or equal to 1.0 Extremely Risk
More than 1.0 but less than or equal to 2.0 Very High Risk
More than 2.0 but less than or equal to 3.0 High Risk
More than 3.0 but less than or equal to 4.0 Average Risk
More than 4.0 but less than or equal to 5.0 Low Risk
More than 5.0 but less than or equal to 6.0 Very Low Risk
More than 6.0 but less than or equal to 7.0 Extremely Low Risk

*Overall ratings are based on the following scaterf 1—7
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6.3.3 Actual Input Worksheet

The “Actual Input” worksheet was developed to fotitiee input values in a
way that can be entered into the FES. For exantpk, “owner type” is a
categorical input evaluation criterion, which issdebed by four linguistic terms
(values): “private unknown,” “private known,” “publ’ and “N/A.” The
linguistic descriptions are represented by cridpcfete) values, as illustrated in
Figure 6-5, and 1, 2, 3, and 4 represent “N/A,”ivate unknown,” “private
known”, and “public,” respectively. When the userters his or her linguistic
choice, it should be converted to the correspondungerical value that the FES
can deal with. So, in the “Actual Input” workshetite following “IF” statement
structure is used:

If the entered value is equal to “N/Ahen enter “1” or

wn

If the entered value is equal to “” (emptyj)en enter “1” or
If the entered value is equal to “Private Unknowh&n enter “2” or
If the entered value is equal to “Private Knowilien enter “3” or

If the entered value is equal to “Publidien enter “4”

M Private_|nkowmn Private_K.nowmn Public
1.0

0.g
0.6
0.4
0z

0.0
1 1.8 24 3.2 4

Crizp_“alues

Figure 6-5Membership Function of "Owner Type"
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6.3.4 Red Flags Worksheet

The “Red Flag” worksheet indicates the thresholtles given for each
criterion. Threshold values are used as red fthgsindicate to the user that a
value has been entered that is outside the desirabige. If a value entered is
greater or less than a user-specified thresholdillitautomatically receive a red
flag designation to prompt the user to investightg particular criterion further.
These “red flag” indicators are given on the inpat the output worksheets as
soon as the value has been entered for that ontesis shown in Figures 6-3 and
6-4. The user can change threshold values as nd¢bdmdgh the “Red Flags”
worksheet. A sample of the default values for eaplat criterion’s threshold are

listed in Table 6-1.

6.3.5 Lists Worksheet

The “Lists” worksheet includes all lists that arsed in the drop-down
menus on the “Input” worksheet. The informatiorthie “Lists” worksheet cannot

be altered by the user.

6.3.6 Input Definitions Worksheet

The “Input Definitions” worksheet provides the usernth detailed
information about all the evaluation criteria, sueh definitions, quantification

methods, and threshold values.

256



Table 6-3Sample of the Threshold Values of the Input Citeri

Input Variable Red Flag Threshold

Owner Type If Private Unknown
Owner Funding Ability Less Than 3.0
Owner/Owner Agent Experience Less Than 5.0
Owner/Owner Agent Reputation Less Than 3.0
Subcontractors Bonds Value Less Than 25.0
Subcontractors Experience Less Than 2.0
Overall Subcontractors Qualification Less Than 3.0
Subcontracts Scope Gaps Less Than 3.0
A/E Experience Less Than 5.0
A/E Reputation Less Than 3.0
A/E Liability Insurance Less Than 3.0
Working Capital (Leverage) Less Than -10.0
Tangible Net Worth (Leverage) Less Than -10.0
Gross Profit Margin Trend Less Than -10.0
Net Profit Margin Trend Less Than -10.0
Debt to Equity Ratio Greater Than 2.2
Gross Profit Margin Less Than 2.0
Net Profit Margin Less Than 2.0
Work on Hand to Aggregation Limit Greater Than 50.0
Overbilled - contracts under construction Less Than 5.0
Underbilled - contracts under construction Greater Than 10.0
Contractor’s Cash Flow Less Than 3.0
Contractor's Operating Line Less Than 3.0
Past Similar (Type/Complexity) Projects Less Than 3.0
Key Employee Type/Complexity Experience Less Than 4.0
Project Manager Type/Complexity Experience Less Than 5.0
Past Projects Experience in size Less Than 3.0
Ratio to largest project Less Than 80.0
Project Manager Size Experience Less Than 5.0
Contractor Past Projects Experience in Location Less Than 3.0
Average Staff Location Experience Less Than 5.0
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6.4 Steps in Applying SuretyQualification

The steps to apply SuretyQualification are illustdain Figure 6-6. For a
new contractor default prediction case, the prostmss with collecting all of the
required data to quantify the input evaluationeridt. The required evaluation
includes the contractor’s financial situation, fi®posed project characteristics
(size, type, schedule, etc.), and the contractlelses. The evaluator should
verify the threshold values for the evaluationesié to ensure that the threshold
values reflect the tolerance for acceptable vabfabe evaluation criteria. Then
the evaluator enters the input values into Suretyifeation’s “Input” worksheet.

If any evaluation criterion has a “red flag,” theoker or underwriter conducts
further research regarding that criterion and itigages with the contractor how
to reduce the risk in this area. Finally, Suretyiigation processes the input
evaluation data and provides the evaluator with tbatractor default risk
(intermediate and overall) values. A report comsgstof the input and output
values can then be printed to document the cowotfactiefault risk prediction

process.

Table 6-4 presents an example for a hypotheticatraotor default risk
prediction case. The example shows in detalil thautzions and the assumptions
to quantify the 120 evaluation criteria. Table @®sents the output report that
includes the contractor default risk (intermediatel overall) values according to
the input values from Table 6-4. The output re@sb presents the decision-

making aids: “Level of Contractor Default Risk” atitled Flags”.
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For example, there is a red flag for the curreral@ation of the contractor,
which means further investigation is needed fos ttategory. If we looked back
(in Table 6-4) for this category to discover theirse of risk, we would find that
this category includes three factors. These factoes (1) work on hand to
aggregation limit, (2) overbilled, and (3) undeldadl. The first factor value is
equal to 80%, which means the contractor is cugrémiolved in projects that are
equal to 80% of his aggregation limit. That medres ¢ontractor is very close to
reaching his financial capacity. Therefore, furthiewestigation with the
contractor should be done to figure out how toease the aggregation limit (i.e.,
capacity). The second factor, overbilled, is eqoatero, which means that the
contractor has not billed for more than the amoantually earned (i.e.,
performed). That means that particular situationasrisky. For the third factor,
underbilled, the value is equal to 4%. That medrad tn some projects, the
contractor performed work but did not bill for which will affect the cash flow
and may lead to shortage in the contactor’s fir@nability. The contractor is
required to provide an explanation for this undéng problem, in addition to
providing a corrective plan to mitigate the possiliinancial shortage and a

description of how that will help mitigate the risk the overall cash flow.
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[ Collect the required data anjt

reports
|
v v
Prepare Study the contract Collect information about the Collect Collect information and
financial and contractual proposed project (size, type,| | information about documentation regarding
reports clauses location, etc.) projectteam contractororganizational practice
| Process the collected |
data M
v L4
Calculate the required percentages qr Quantify the values of the qualitative
ratios for the quantitative criteria criteria

\—b{ Use SuretyQuaIification}—l

Are there an
desired changes
to the critical
threshold
values?

Make any desired changes tp
the critical threshold values

J Enterthe input valuesfoﬂA
| theevaluationcriteria |

Check criteria that have
critical values

Are there
any indicated
“Red Flags™?

Prepare a list of the criteria
that show“Red Flags”

v

[ Conductfurtherresearchon]
[ Process the input evaluatioi criteria that show “Red Flags”

data ¢
¢ Re-evaluate the criteria afte
furtherresearch

Check the output values for the
contractordefault prediction case

v

Print report

v

Make the finaldecision

Figure 6-6 Steps in Applying SuretyQualification (Awad and E&y012)
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Table 6-4Hypothetical Contractor Default Risk Prediction €alsput Criteria

Quantification

Input Evaluation Criteria

Case Description and Quartification Input Value

Project Aspects Evaluation

1. Project Team Evaluation

Owner Evaluation

1 | owner Type There is previous experience between the projeoeowand the Private
contractor Known
There is no financial responsibility clause on éatument, no
. o confirmation of project financing, and average sure
2 Owner Funding Ability underwriter/broker satisfaction regarding the owetatity to 2
fund the project
3 Owner/Owner Agent The owner or owner agent has 12 years of experience 12
Experience construction industry
4 Owner/Owner Agent Owner/owner agent has good character, and has good 5
Reputation relationship with general contractor
Subcontractors Evaluation
5 Subcontractors provided bonding value of 50% of the 50
Subcontractors Bonds Valug subcontracting work value
6 The average years of experience that the assigned 10
Subcontractors Experience| subcontractors have in construction industry = 4éry
Subcontractors are prequalified informally, genemaitractor
7 Overall Subcontractors has no past relationship with subcontractors, hatktis no 2
Qualification check for subcontractor’s availability of resources
Scope for each subcontractor is somewhat well-ddfin
8 | Subcontracts Scope Gaps ?verage procedure to ensure that there is not@pesyapes, 3
ew meetings between subcontractors, and poor thvevéew
for all subcontractors’ roles
Architect/Engineer (Design
Consultant) Evaluation
9 Architect/Engineer has 20 years of experience mstoction 20
A/E Experience industry
A/E has a good character, and has good relationstith
10 . 5
A/E Reputation general contractor
11 | A/E Liability Insurance A/E carries a meqlium level of errors and omissiams| has 3
average claims history
Contractor Evaluation
Last Financial Evaluation
According to the updated financial report:
Current Assets = $1,500,000; Current Liabilitie$260,000
According to the previous financial report:
Current Assets = $1,000,000; Current Liabilitie$150,000
Working Capital = Current Assets - Current Liakelg
12 | Working Capital Trend Current TNW = $1,500,000 - $200,000 = $1,300,000 34.6

Previous TNW = $1,000,000 - $150,000 = $850,000
Working Capital Trend = (Updated WC - Previous WC)
Updated WC

Working Capital Trend = ($1,300,000 - $850,000} /30,000

= 0.346 = 34.6%
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Input Evaluation Criteria

Case Description and Quartification Input Value

According to the updated financial report:

Total Assets = $20,000,000; Liabilities = $300,00angible
Assets = $50,000

According to the previous financial report:

Total Assets = $18,500,000; Liabilities = $375,00angible
Assets = $50,000

Tangible Net Worth = Total Assets - Liabilitiesntangible
Assets

13 | Tangible NetWorth Trend | & .ot TNW = $20,000,000 - $300,000 - $50,000 = 8
$19,650,000
Previous TNW = $18,500,000 - $375,000 - $50,000 =
$18,075,000
Tangible Net Worth Trend = (Updated TNW - PrevidddWV)
/ Updated TNW
Tangible Net Worth Trend = ($19,650.000 - $18,008)0
$19,650.000 = 0.08 = 8%
According to the updated financial report:
Current GPM = 20%
According to the previous financial report:

14 | Gross Profit Margin Trend | Previous GPM = 18.7% 6.5
Gross Profit Trend = (Current GPM - Previous GPMufrent
GPM
Gross Profit Trend = (20 - 18.7) / 20 = 0.065 =%6.5
According to the updated financial report:
Current NPM = 16.7%
According to the previous financial report:

15 | Net Profit Margin Trend Previous NPM = 17.2% -3.0
Net Profit Trend = (Current NPM - Previous NPM)urént
NPM
Gross Profit Trend = (16.7 - 17.2) / 16.7 = -0.029%8.0%
According to the updated financial report:

. . Current Debt = $300,000; Current Equity = $850,000

16 | Debt to Equity Ratio Debt to Equity Ratio = Current Debt / Current Eguit 283
Debt to Equity Ratio = $300,000 / $850,000 = 1:2.83
According to the updated financial report:
Revenue = $3,500,000; Cost of delivered work = $2,800

17 | Gross Profit Margin Gross Profit Margin = (Revenue - Cost of Goods $bld 20
Revenue
Gross Profit Margin = ($3,500,000 - $2,800,0003/560,000
=0.2 =20%
According to the updated financial report:
Net Profit = $500,000; Net Sales = $3,000,000

18 | Net Profit Margin Net Profit Margin = Net Profit after Sales (i.eetiincome) / 16.7
Net Sales
Net Profit Margin = $500,000 / $3,000,000 = 0.166¥6.7%

Current Evaluation

Total Work on Hand = $100,000,000, and Aggregatiionit =

19 | ork on Hand to $80,000,000 80

ggreg Ratio = (80,000,000 / 100,000,000)*100 = 60
Overbilled—contracts unde To date, there are no hillings to owner more themamount
20 actually earned by the contractor for any projectder 0

construction

construction
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Input Evaluation Criteria Case Description and Quartification Input Value

In one of the projects under construction:

Billing to owner = $1,300,000

Amount actually earned by the contractor = $1,280,0
Underbilled Ratio = Absolute (Billed Amount - Eathe 4
Amount) / Earned Amount

Underbilled Ratio = Absolute ($1,300,000 - $1,280,0/
1,250,000 = 0.04 = 4%

Underbilled—contracts
under construction

Average established cash flow, somewhat readable ftaw,
average ability to handle the anticipated volumwofk,

22 | Contractor's Cash Flow average anticipated shortage of cash, somewhairraale 3
actions to face shortage of cash, and average tropabe
balance sheet in terms of liquidity and debt

Good expenditure requirements, good expected ckangbe
overall banking facility, average performance batasheet

23 | Contractor's Operating Ling and income statement for next year, and averagddzac 4
runoff report of projects for next 12 months
2. Project Specifics/Scope Evaluation
Project Type/Complexity
Experience Evaluation
o Past Similar The contractor has performed 8 similar projectserms of 8
(Type/Complexity) Projects| type and complexity, in the past
o5 _i?ey Employee. Key employees have, on average, participated imbas
ype/Complexity 4 : . 5
) projects in terms of type and complexity
Experience
26 ‘T;gjgl(é(;\ﬂrr?&i?(ﬁ; The project manager has bee_n involved in 10 sirpilajects, 10
) in terms of type and complexity
Experience
Project Size Experience Evaluation
27 Past Projects Experience in The contractor has performed 10 projects similaize in the 10
size past
The proposed project value = $200,000,000
The largest project that the contractor has perforto date =
$150,000,000
28 | Ratio to largest project Ratio to largest project = largest performed projetue / 75
proposed project value
Ratio to largest project = $150,000,000 / $200,000,= 0.75
= 75%
29 Project Manager Size The project manager has been involved in 6 progotgar in 6
Experience size
Project Location Experience
Evaluation
30 Contractor’s Past Projects | The contractor has performed 15 projects in thé\pékin the 15
Experience in Location same location/environment
31 Average Staff Location The staff have participated in 4 projects (on ageyavithin the 4
Experience same location/environment
32 Project Manager Location | The project manager has been involved in 8 projeittén the 8
Experience same location/environment
Project Cost Breakdown Evaluation
Total contract amount = $200,000,000
13 Project Profit Margin The Estimated Profit Margin = $10,000,000 5
Percentage Profit Margin Percentage = The Estimated Profit ¢ilar
Total contract amount
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Input Evaluation Criteria

Case Description and Quartification Input Value

Profit Margin Percentage = $10,000,000 / $200,000;60.05
=5%

Total contract amount = $200,000,000
Total Subtrade work = $40,000,000
Total Subtrade Percentage = Subtrade work / Totatract

34 | Total Subtrade Percentage| amount 20
Total Subtrade Percentage = $40,000,000 / $20@006;
0.20 = 20%
The value of subtrade works to the total contraobant
Total contract amount = $200,000,000
Estimated labour costs = $46,000,000
35 | Project Labour Percentage Project Labour Percentage = Estimated labour ¢dsttal 23
contract amount
Project Labour Percentage = $46,000,000 / $20000005
0.23 =23%
Total contract amount = $200,000,000
Estimated Material costs = $58,000,000
36 | Project Material Percentage Project Material Percentage = Estimated MateriatsbTotal 27
contract amount
Project Material Percentage = $58,000,000 / $2@010 =
0.27 =27%
Total contract amount = $200,000,000
Estimated Equipment Costs = $30,000,000
Project Equipment Project Equipment Percentage = Estimated Equip@ests /
37 15
Percentage Total contract amount
Project Equipment Percentage = $30,000,000 / $20000 =
0.15 =15%
Total contract amount = $200,000,000
Estimated Contingency = $16,000,000
38 Project Contingency Project Contingency Percentage = Estimated Comtitygé 8
Percentage Total contract amount
Project Contingency Percentage = $16,000,000 /,$200000
=0.08 = 8%
Project Schedule Evaluation
39 | Expected Project Duration The estimated prajacation = 30 months 30
Well-prepared project schedule, average flexibf{fityats) in
40 | Overall Schedule Evaluationproject duration, average effect on payment cyahel, schedulg 4
has low impact on projects on hand
Contractual Risk Evaluation
1. Contract Wording/Type Evaluation
Contract Wording/Type
41 | Contract Form Wording The Owner used his/herdimgy for developing the contract Vf/)(;,\rlgﬁlrg
42 | Contract Type A Unit Price contract is used WRrite
2. Contract Clauses Evaluation
Payment Clauses Evaluation
The Architect/Engineer role is not clearly defiresito changes
43 | Architect/Engineer Role in the work, payment approval, substantial comptetand NO
completion
44 | Materials Payment Payment will be made for niegteon site even if not YES

264



Input Evaluation Criteria

incorporated yet

Case Description and Quartification Input Value

45 | Payment Process Timing The timing period forghgment process = 10 days 10
46 | Billing Requirement The billing paper work ré@ment is reasonable YES
47 | Holdback Amount The holdback amount = 15% 15
Holdback will be released at substantial completion
48 | Holdback Releasing Holdback will be received upon completion of eablage of YES
the project
Warranty Clauses Evaluation
49 Wa”a“Fy Periods Clauses Warranty period = 20 months 20
Evaluation
50 | Performance Warranties There are performanceantégs YES
51 | Manufacture Warranties There are manufactureanties YES
Clear Definition of Defective work is clearly defined as being distifrom
52 ; . YES
Defective Work warranty items
Indemnity Clauses Evaluation
53 | Contractor’s Negligence Liability is expressiyited to the contractor’s negligence YES
54 | Indemnify List There is not a regsonablg limited list of partrest the NO
contractor has to indemnify
Total contract amount = $200,000,000
Liability Cap Value = $15,000,000
55 | Liability Cap ;ﬁzllljl;?; Cap Percentage = Liability Cap Value /tébcontract 75
Liability Cap Percentage = $15,000,000 / $200,000,8
0.075=7.5%
56 | Architect/Engineer Errors There is not any exclusion for Architect/Engineesidn errors NO
and/or instructions
Schedule Extensions and Price
Adjustment Clauses Evaluation
Time will be extended for delays caused by actsnaissions
57 | Acts/Omissions Extension | of the owner, the architect/engineer, other cotdracor YES
anyone employed or engaged by them
Stop Orders Extension Time will be extended for delays caused by stoxsdother
58 R YES
Clauses than contractor's fault
Delays Events Extension | Time will be extended for delays caused by all ¢vdmat are
59 N : YES
Clauses beyond contractor's control (e.g., Force Major)
Acts/Omissions Price No additional money will provided for omissionstb& owner,
60 the architect/engineer, other contractors, or aeyemployed NO
Clauses
or engaged by them
61 | Stop Orders Price Clauses Additional money will prOV|dgd for delays causeddigp YES
orders, other than contractor’s fault
62 | Delays Events Price CIausesNO additional money will prowded‘for delays caudsdall NO
events that are beyond contractor’s control
63 | Notification Time Clauses T|me to not_|fy the owner or architect/engineer wigentractor 20
is delayed = no more than 20 days
Liquidated Damages / Bonuses
Total contract amount = $200,000,000
64 | Liquidated Damages Cap Liquidated Damages Cap Value = $50,000,000 o5

Liguidated Damages Cap Percentage = Liquidated Qasma
Cap Value / Total contract amount
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Input Evaluation Criteria

Liguidated Damages Cap Percentage = $50,000,000 /
$200,000,000 = 0.25 = 25%

Case Description and Quartification Input Value

Phased Completion —

There are phased completion dates and the liquidimages

65 Liquidated Damages do not apply to each phase NO
Total contract amount = $200,000,000
Bonus Value = $2,000,000
66 | Bonus Value Bonus Value Percentage = Bonus Value / Total contra 1
amount
Bonus Value Percentage = $2,000,000 / $200,000;0001 =
1%
Toxic and Hazardous Substance
and Materials Clauses Evaluation
Contractor's Responsibility | The wording of contractor’s responsibility for toxnd
67 | — Toxic and Hazardous hazardous substances and materials under hisftecacd YES
Substance control is clear
Owner Indemnify — The owner does not indemnify the contractor froairsk or
68 | Unidentified hazardous actions as a result of the contractor encountarimdentified NO
substances offsite hazardous substances offsite
69 | Dumping Procedure Th_ere is a procedure to identify and monitor wheaste is YES
being dumped
Toxic and Hazardous The contractor has no insurance for toxic and ftemes
70 . NO
Substance Insurance substances and Materials
Disputes/Arbitration Clauses
Evaluation
71 | Dispute Resolution Method The _m_ethoq of dispute resplutlon (courts, arbibrati YES
administrative procedure) is reasonable
72 | Resolution Time Frame Time frame for resolutdf dispute is reasonable YES
Architect/Engineer Role to . . . .
73 | resolution and interpretatior The arphltect/e_ngmeer ro_Ie is not clearly defiasdo NO
resolution and interpretation of the documents
of the documents
Design Concerns Clauses
Evaluation
Contractor Responsibility | Contractor is responsible for some designs in axddtb
74 . . YES
for Extra Designs formwork, shoring, and false work
Contractor is not responsible for incomplete ooimgistent
75 | Incomplete Documents . e T NO
documents (drawings and specifications) beyondioation
Bonding/Security Evaluation
76 | Bid Bond Type Standard bid bond form is used an&ard
77 | Bid Bond Value Bid Bond value = 50% of the cantrvalue 50
78 ggiignd Acceptance Bid Bond acceptance period = 60 days 60
79 | Consent of Surety Type Standard Consent oft@greement to Bond form is used Standard
= 0,
80 | Consent of Surety Value \Ii’aecheentage of Consent of Surety value = 50% otdmeract 20
81 | Acceptance Period Consent of Surety/Agreement to Bond acceptancegeriB0 80

days
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Input Evaluation Criteria

Case Description and Quartification Input Value

Performance (Consent of

82 | Surety/Agreement to Bond | Performance Bond value = 20% of the contract value 20
percentage)
83 | Labour/Material/Payment Labour/Material/Paymaitie = 80% of the Bond value 80
Contractor's Organizational Practices Evaluation
Project Integration Management
Very adequate project management plan is develdped,
Project Management performance measurement baselines (scope basathegjule
84 Plan/Directing and baseline, and cost baseline) are well-definedptbeess for 5
Execution/Configuration performing the work is well-defined in the projesanagement
Management System plan to achieve the project’s objectives, and algoo
configuration management system is developed
Average process for tracking, reviewing, and retjulgthe
85 Project Monitor, Control, progress to meet the performance objectives defméte 3
and Close project management plan, and average processdizing all
activities to formally complete the project
Project Scope Management
Good process for defining and documenting stakedisid
86 Collect Requirements and | needs, good process for developing a detailed igéser of the 4
Scope Define and Control | project and product, and average process for mamitohe
status of the project and product scope
87 Applying Constructability | No effort for applying and emphasizing construdigbi 1
Principles principles
88 Assigned Constructability | No constructability coordinator assigned to theposed No

Coordinator

project

coordinator

Project Time Management

89

Project Administrator
Experience

The Project Administrator (who manages the dayatp-d
timesheet process) has 10 years of experiencenstraation

10

Time Management Proces

Project activities and activities’ attributes acequately
defined, an average milestone list is developexlreiquired
5 activity resources are adequately estimated, ttetheneric
processes of time management are somewhat defivted a
understood, and a good process for control schesiplepared

91

Time Management
Documents

No prepared central log/database (timesheet repistepre-
prepared project timesheet form, and no pre-prejpameect
time management documentation process.

Project Cost Management

92

Cost Management Roles

The roles and responsibilities for all resource®ived with
the request, approval, and payment of expense#wtit
project are not defined

Cost Management Process

Adequate approximation of the monetary resourceeeéo
complete project activities, good process for naig the
status of the project to update the project budgdtmanaging
changes to the cost baseline, and the three ggiredesses of
cost management are adequately defined and undérsto

Cost Management
Documents

Good prepared expense form, good pre-prepared sgpen
register (log/database), and inadequate pre-preaocgect

expenses documentation process
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Input Evaluation Criteria Case Description and Quartification Input Value

Project Quality Management

Inadequate prepared quality plan, inadequate psdoes
95 | Quality Management plang perform quality assurance, and inadequate proogssrform 2
quality control

The contractor provided a good overview of the pemal cost

Quality Management management process. The three generic processasi{dnt
96 g . YES
Responsibilities expense form, approve expense form, and regisparese
form) of cost management are well-defined and wtded.
Quality Manager . . . .
97 Experience The Quality Manger has 9 years of experience irscantion 9
. Good prepared log/database (deliverables regigteod pre-
98 Quality Management prepared project quality review form, and inadegqymt- 4

Documents

prepared project quality documentation process

Project Human Resource
Management

Develop Human Resource Average identification for the project roles andpensibilities,

99 Plan average identification of the required skills, anadequate 3
staffing management plan is created
Adequate confirmation of human resource availahilit
100 Acquire and Develop somewhat adequate plan for obtaining the team sanet 4
Project Team complete project assignments, average plan forawipg

project team competencies and team interaction

Inadequate process for tracking team member pedocsmand
101 | Manage Project Team providing feedback, and no prepared process faivieg 2
issues and managing changes

Project Communications

Management
Inadequate communication plan; communication roles/
responsibilities are not well-defined; stakeholdsmes
Overall Communication inadequately identified; average process of caligcind
102 o : - . 3
Management Process distributing performance information, includingtst&reports,
progress measurements, and forecasts; averagesgrafce
making relevant information available to projeakstholders
103 Communication Roles The number and types of communications roles asorable YES

(channels) Number/Types | regarding the size and complexity of the project

N Good prepared log/database (procurement regigeoyl pre-
Communications prepare 9 (p reg M p
104 prepared project purchase order form, and inadequrat 4
Management Documents . -
prepared project purchase documentation process

Project Risk Management

. I Very adequate risk management plan, good process of
105 Risk P.l".’m/ _|o|ent|f|cat|on/ determining which risks may affect the project, godd 5
Quantification L AT ;
gualitative and quantitative risk analysis
Very good process for developing options and astiton

Risk Responses and

106 . enhance opportunities and to reduce threats tegroj 5
Monitor/Control Co . .
objectives, very adequate process to monitor antraarisks
107 Risk Management Team | The risk management team has an average of 5 gkars 15
Experience experience in risk management in construction
Project Procurements Management
The roles and responsibilities for all resourcegi{linternal
Procurements and external to the project) involved with the pnenent of
108 o : . . YES
Responsibilities product and management of supplier relationshipswel-

defined. The contactor provided a copy of the rasilities
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Case Description and Quartification Input Value

distribution chart.

Procurements Manager

The procurement manager/officer has 15 years odréapce in

109 . X 15
Experience construction
Average prepared log/database (procurement regiaterage
110 Procurements Managemert pre-prepared project purchase order form, and tpzate pre- 3
Documents - .
prepared project purchase documentation process
Adequate procurements plan; good process for magagi
111 Procurements procurement relationships, monitoring contract geniance, 4
Plan/Administer/Close and making changes and corrections as needed;caad g
process for completing project procurement
Project Safety Management
Safety Preplanning . . . .
112 Meetings Safety was a priority topic at preplanning meetings YES
113 | Safety Toolbox Meetings Safety toolbox meetiwdkbe held regularly YES
114 | Site Safety Supenvisor Thgre will bg a part-time site safety supervisarthe proposed Part-Time
project working
115 Number of Workers_per There will be a safety person for every 35 on-sitekers 35
Safety Person (on site)
116 | Safety Incentives No safety incentives willused NO
Project Change Management
There are pre-authorized employees in charge different
117 | Pre-Authorized Employees responsibilities of the change management.promge YES
requester, change manager, change feasibility gahgnge
approval group, change implementation group)
The contactor provided a good proposal for applyirgy
change management process in the proposed profecfive
Change Management key processes of change management (submit chaqgest,
118 : ; . - NO
Process review change request, identify change feasibiéipprove
change request, implement change request) aredefified
and understood.
119 | Change Manager The Char)ge Manager has 10 years of experience in 10
construction
Good prepared log/database (change register), geed
120 | Change Documents prepared change request form, and good pre-prepheetje 5

management documentation process
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Table 6-5SuretyQualificatiorEvaluationfor the Hypothetical Contractor Default

Risk Prediction Case

Output Evaluation Criteria Risk Level
Project Aspects Evaluation

Project Aspects Evaluation | 3.6 Low Risk
1. Project Team Evaluation
Project Team Evaluation 34 Low Risk
Owner Evaluation 3.3 Low Risk
Subcontractors Evaluation 3.0 Average Risk
Architect/Engineer (Design Consultant) Evaluation 34 Very Low Risk
Contractor Evaluation 3.6 Low Risk
Last Financial Evaluation 4.1 Very Low Risk
Current Evaluation 2.7 RED FLAG Average Risk
2. Project Specifics/Scope Evaluation
Project Specifics/Scope Evaluation 3.6 LRisk
Project Type/Complexity Experience Evaluation 3.6 Low Risk
Project Size Experience Evaluation 4.3 Very LOBIRI
Project Location Experience Evaluation 4.0 Veoy Risk
Project Cost Breakdown Evaluation 3.6 Low Risk
Project Schedule Evaluation 3.3 Low Risk

Contractual Risk Evaluation

1. Contract Wording/Type Evaluation (Contract Form and Contract Type)

Contractual Risk Evaluation 3.0 Average Risk
Contract Wording/Type 1.6 RED FLAG CSri?ir:aelvg;;t(

2. Contract Clauses Evaluation

Contract Clauses Evaluation 4.3 Very Low Risk
Payment Clauses Evaluation 4.3 Very Low Risk
Warranty Clauses Evaluation 3.0 Average Risk
Indemnity Clauses Evaluation 4.3 Very Low Risk
Esgﬁi?ilgnExtensions and Price Adjustment Clauses 36 Low Risk
Liguidated Damages/Bonuses Evaluation 3.1 Low Risk
Toxic and Hazarplous Substances and Materials 3.0 Average Risk
Clauses Evaluation

Disputes/Arbitration Clauses Evaluation 3.0 Aver&isk
Design Concerns Clauses Evaluation 3.0 Averagk Ri
Bonding/Security Evaluation 29 RED FLAG AveragsIRi

Contractor's Organizational Practices Evaluation
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Output Evaluation Criteria Risk Level
Contractor's Organizational Practices 3.4 LovkRis
Project Integration Management 3.5 Low Risk
Project Scope Management 1.6 RED FLAG Csri?irg;er:gli
Project Time Management 3.4 Low Risk
Project Cost Management 3.0 Average Risk
Project Quality Management 3.2 Low Risk
Project Human Resource Management 3.1 Low Risk
Project Communications Management 3.8 Low Risk
Project Risk Management 4.3 Very Low Risk
Project Procurements Management 4.3 Very Low Risk
Project Safety Management 3.0 Average Risk
Project Change Management 4.3 Very Low Risk
Overall Contractor Default Risk Rate 5.5 Very Low Risk

6.5 Concluding Remarks

The SuretyQualification software was developed ¢ontractor default

prediction; it can be used for contractor evaludpoequalification by surety

underwriters, surety brokers, and owners in thestaootion industry. The

software can also be used by contractors to corghlthssessments to discover

the areas that may cause them to default whenrp@rfg a project, and therefore

may need improvement. SuretyQualification’s integfavas developed to allow

easy interaction between the evaluator and thewacdt and to provide a

comprehensive report for the contractor defaultligteon risk values (overall and

intermediate), with additional decision-making mes aids such as “Level of

Contractor Default Risk” and “Red Flags.” Surety@eation advances the
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state-of-the-art of contractor evaluation/prequeition for a specific construction

project by automating and enhancing the surety mwriteng process.

272



6.6 References

Awad, A., and Fayek, A. Robinson. (2012). “Adaptiarning of contractor
default prediction model for surety bondingJburnal of Construction
Engineering and Managemer80 manuscript pages, submitted February
17, 2012.

Marsh, K. (2008). “A fuzzy expert system decisimaking model to assist surety
underwriters in the construction industry.” M.SteEis, Dept. of Civil and
Environmental Engineering, University of Albertajr&onton, Alberta.

Von Altrock, C. (1997). “Fuzzy logic and neurofuzagplications in business and

finance.” Prentice Hall, Upper Saddle River, NJ.

273



CHAPTER 7.- Conclusions and RecommendatiofAs

This chapter provides a review of the work conddigtethis research, and
summarizes the contributions. Limitations of theveleped model and

recommendations for future research are also @atlin

7.1 Research Summary

In the construction bonding business, a complex anthprehensive
prequalification or assessment process is dongdlua&e contractor, project, and
contractual risks. Previous studies have focusedinlynaon contractor
prequalification from the owner’s or consultant’'srgpective, considering the
evaluation of the contractor’s financial aspectsptedict contractor default.
Contractor default is one of the major risks thatyrthreaten a project’s success

in the construction industry.

The main motivation of this research was to intemua structured
methodology and develop a system to predict thesiplesrisk of contractor
default in a construction project. In constructi@ontractor default occurrence
depends not only on the contractor but also on nodingr aspects. Therefore, the
intention was to develop a system that focusedhencontractor evaluation in
addition to other aspects that may influence thecesss of project completion,

such as the construction contract and the progecht

*Parts of this chapter have been published in Jbefnautomation in Construction, Volume 21,
January 2012, and accepted for publication in Gamatburnal of Civil Engineering, 2012.
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The research in this thesis was conducted mainlyfour stages: (1)
developing an initial contractor prequalificationSB, (2) enhancing the
developed DSS to present a comprehensive contrdefault prediction model
(CDPM), (3) optimizing the developed CDPM to ingeadts accuracy, and (4)

developing the SuretyQualification software for typgimized CDPM.

7.1.1 The First Stage

The second chapter identifies and classifies thetmelevant evaluation
criteria that surety underwriters and brokers ad@isivhen evaluating a specific
construction project for bonding purposes. Seveaha collection techniques
(questionnaires, one-on-one interviews, and inte@acgroup meetings) with
highly experienced surety experts were conductedotapile a comprehensive
and detailed list of the evaluation criteria. Baihzy logic and expert systems are
combined to develop a decision support system (O&S)se in contractor and

project evaluation.

A new approach for fuzzy membership function estiomwas presented.
The new approach incorporates the Horizontal MBFedion technique, which
depends on expert knowledge and contractor prdmadilon cases (data
integration). Several alternative system configoreg are investigated to
determine the most accurate one. Finally, the fuzgyert DSS was validated

with hypothetical project- contractor prequalificat cases.
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7.1.2 The Second Stage

Further improvements to the developed fuzzy exp&$ were needed. One
important evaluation component, contractor’s orgational practices, needed to
be incorporated. Contractor’'s organizational pcagihave not been evaluated in
the surety underwriting process, but their inclasimight enhance decision-
making, and allow the evaluation of a contract@fans regarding practices—
such as safety management, quality management, tiraeagement, cost
management, and many other practices that canilwatetrto project success—to
be considered. However, this evaluation comporesqired more research before
being incorporated into the developed DSS, and raorety experts from across

Canada were needed to contribute to the developpneogss.

To include the experts’ input for the next stagehef contractor evaluation
model, there was a need for a methodology to déterra group consensus
function of the aggregation of experts’ judgmerstabres to represent a common
opinion. In the third chapter, a group consensustesy was developed to
determine the consensus weight factor (CWF) foetyuexperts working in the
construction industry, to incorporate their inpw a collective opinion. The
system uses the multi-attribute utility function AMF) methodology, which
determines the CWF for surety experts by consideheir preferences (liking) of
Six experience measures. The Analytical Hierarchoc&ss (AHP) was used to
determine the degree of liking of the experienceibates. Two validation
approaches have been applied to validate the der@lGCM: face validation and

numerical validation.
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The fourth chapter presented a contractor defaatiption model (CDPM)
from the surety bonding perspective that incorgsrathe evaluation of all the
project aspects, the project team, contractualsrisind project management
evaluation criteria to predict the possibility ofantractor defaulting on a specific
construction project. Fuzzy logic and expert systeamniques were integrated to
develop the CDPM. An important evaluation categooptractor’s organizational
practices, was incorporated as input to the CDPiv CDPM was built using the
expertise of surety practitioners across Canada,saneral different knowledge
acquisition techniques were used. A new approactdaeloping fuzzy rules was
presented to generate a complete rule base. TheMC&s validated using

contractor default prediction cases.

7.1.3 The Third Stage

The performance of a fuzzy expert system (FESigisfecantly affected by
the accuracy of its knowledge base parameters (reship functions and rule
bases). The fifth chapter presents a methodologyntegrate an FES with
adaptation/optimization techniques and to applydam-based adaptive learning
concept to increase the accuracy of an FES dewklépe contractor default
prediction for surety bonding. Two different optration techniques, genetic
algorithms and artificial neural network back-prgpaon, were applied
separately to adapt the FES knowledge base (mehipeftsnction and rules’
degrees of support). The adaptation process enthatiee accuracy of the
previously-developed contractor default predictiisS by providing results that

are close to the surety experts’ evaluation. The adlapted FESs were validated
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using the same unseen contractor default predictises, and the best accuracy

was obtained using the NN back-propagation algaorith

7.1.4 The Fourth Stage

In the sixth chapter, the SuretyQualification s@ite was developed for
contractor default prediction. SuretyQualificatisrinterface was developed to
allow easy interaction between the evaluator ardsthftware, and to provide a
comprehensive report for the contractor defaultjoteon risk values (overall and
intermediate), with additional decision-making pss aids such as “Level of

Contractor Default Risk” and “Red Flags.”

7.2 Research Contributions

This thesis presents approaches that are relavaese¢archers.
Additionally, it makes various academic and indastontributions to the
construction industry, in addition to some pradtagaplications for surety
bonding and contractor prequalification. The dstaflthese contributions are as

follow.

7.2.1 Academic Contributions
The main academic contributions offered by thiseaesh can be

summarized as follows:

* An exploration and proof of the appropriatenesghef FES for contractor
evaluation (underwriting) for surety bonding fospecific construction

project. The use of fuzzy expert systems in degisn@king is not new;
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however, applying it to surety underwriting for @esific project is. The
methodology used to create the fuzzy expert detisigpport system
(DSS) for contractor prequalification for surety nding has been
described. For developing the DSS, a novel approac fuzzy

membership function (MBF) estimation was developdthe new

approach incorporates the Horizontal MBF estimateshnique, which
depends on experts’ knowledge (knowledge-based) eomtractor

prequalification cases (data integration). Alsonavel approach for
fuzzy rule base development that combines two nasthdearning from
examples, using hypothetical contractor defaultdigt®n cases; and
using the inputs’ relative importance weights toelep fuzzy rules—
has been presented. Several experts’ knowledgés#itqutechniques
for building FESs have been applied.

* A new approach to incorporate experts’ inputs aslkective single opinion
for building a fuzzy experts system. The new apghodepends mainly
on the weighted averaging approach, with bias éekperts’ level of
expertise. Applying this approach included deveigpa surety group
consensus system (GCS) to determine consensustwadbr (CWF)
for surety experts. This is a key aspect in agdnegdhe participating
experts’ inputs or assessments into a collectigessnent. The process
of developing the GCS included investigating andofing the
suitability of the multi-attribute utility functiofMAUF) methodology,

to solve the problem of aggregating experts’ opisio
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* A description of a methodology to integrate a fuexpert system (FES) with
adaptation/optimization techniques, and apply tata-thased adaptive
learning concept to increase the accuracy of an BE&®loped for
contractor default prediction for surety bondingwadl optimization
approaches (genetic algorithms and neural netwadk-propagation)
were investigated to adapt fuzzy MBF and rules’rdegof support
(DoS). Each optimization technique has been intedrawith the
contractor default prediction model separatelydétermine the most
suitable technique to adapt the FES to any new remviental
(contextual) information conveyed using input-outfmontractor default

prediction) cases.

7.2.2 Industrial Contributions
In addition to the academic contributions, thiseprsh also offers several

industrial contributions, which can be summarizedolows:

* A fuzzy expert DSS, which was developed to helgetguunderwriters and
brokers in the second phase of the surety undémgriirocess and to
provide a systematic and structured approach ® dbmplex process.
To determine the DSS'’s inputs, a comprehensivailddt list of the
evaluation criteria for contractor and project p@dication was
compiled. In addition, numerical scales for the rgitative evaluation

criteria and rating scales to quantify the quairactriteria were defined.
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For all contactor evaluation criteria, critical eéshold values and
favourable trends were determined.

« A comprehensive model that has been developed with ability to
incorporate the evaluation of all the project aspethe project team,
contractual risks, and project management evaluatidgeria to predict
the possibility of a contractor’s default on a sfieconstruction project.
The contractor default prediction model (CDPM) waslt from the
surety bonding perspective that incorporates tlegeria and uses a
fuzzy inference system for reasoning.

* The SuretyQualification software, which was develbfor contractor default
prediction, and can be used for contractor evalngtrequalification by
surety underwriters, surety brokers, and ownerghi construction
industry. SuretyQualification’s interface was depsdd to allow easy
interaction between the evaluator and the softwang to provide a
comprehensive report for the contractor defauldisteon risk values
(overall and intermediate), with additional deamsimaking process aids
such as “Level of Contractor Default Risk” and “Rdelags.”
SuretyQualification advances the state-of-the-arf ocontractor
evaluation/prequalification for a specific constioo project by

automating and enhancing the surety underwritinggss.
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7.2.3 Practical Applications
The developed CDPM and SuretyQualification softwprevide several
practical applications for surety bonding and cactir prequalification, as

follows:

* An improved method for surety underwriters and lrekto validate their
underwriting decision versus the current method thay are using
(expert’s judgment or experience), in addition tstraictured, organized,
and objective approach for surety underwritersde in the evaluation
of subjective criteria and criteria that are difiic to quantify in
contractor qualification for a specific project, il helps in formalizing
this complex decision process while making its dogasy to trace.
Using the developed model will also decrease thgestivity of the
evaluation process by identifying all of the im@mtt factors that should
be considered for a comprehensive assessment gbiiteactor and the
project.

* The required documentation that summarizes theupidigation process,
whether for upper management levels or for thereetdr, in any case
where a certain bonding request for a construgiayect is rejected.
Also, the surety underwriter or broker can use tEumentation
provided by the CDPM to show an owner, the truetausr and
beneficiary of the surety product, how they “prddiga” the contractor

for their project, which is the main service of gwety product.
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* A structure to the underwriting process, by guidihg evaluator through a
series of questions to systematically evaluate &aatbr that contributes
to the contractor evaluation, leading to more thglo and improved
decision-making. That can help in succession ptanrby capturing
senior surety experts® knowledge and assisting thightraining of new
or inexperienced (junior) surety underwriters ookars who may not
know which questions to ask to evaluate a contracioin what range
the values for each variable should fall.

* An advancement of the state-of-the-art of the sunatierwriting process, by
including evaluation criteria related to the praojand contractual risks,
in addition to the contractor-related criteria. TDBPM and developed
software also provide a method for assisting thestraction contractors
to discover areas that need improvement in ordebtain bonding for a

construction project.

7.3 Research Limitations and Recommendations for Future
Research and Development

This research has provided a basis for future resda contractor default
prediction and contractor prequalification by colimg a complete and
comprehensive list of evaluation criteria, and gjng fuzzy set theory to deal
with subjective and uncertain factors in the evidumof the possible risk of
contractors’ default in construction projects. Desphe contributions presented

in this research, the research has certain liroitati The following steps are
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recommended to be applied for future research,riteroto cover the current

research limitations:

7.3.1 Model Validation

* The developed CDPM was validated against the fjgatiog surety experts’
assessments. In other words, the experts’ judgmastthe baseline for
measuring the accuracy of the CDPM. Notwithstagdhe high level
of experience of the participating experts, itéeammend that future
work identify the quality of their decisions by cparing the number of
claims for bonded (prequalified) and unbonded woFke potential
improvements that could be gained by using the COPBMsented in
this research) could then be better assessed.

» Surety professionals did not document all evalmatioput) criteria used for
the developed model. Therefore, hypothetical caotdra default
prediction cases were used for the model’s devedoproptimization,
and validation stages. The model was developed rwige an
evaluation that simulates the surety experts’ eatadn (assessment).
Actual contractor default prediction cases needb& collected to
conduct more optimization for the developed contnacdefault
prediction model (CDPM). The collected cases cao dle used to
conduct more validation and sensitivity analysis ttte CDPM. In the
actual cases, the contractor performance aftepribiect completion can
be compared with the pre-project evaluation coretlibly the developed

model.
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It is suggested that another model or system beldp&d that has the ability

to measure contractor performance after projectpbeton. To further
validate the developed CDPM, a comparison betwden GDPM

evaluation (before the project) should be done reaihe contractor
performance evaluation (after the project). The ehambuld consider
several contractor performance indicators suchtygse, number, and
value of the claims that have been issued duriogegr execution; the
planned and actual budget; the planned and acthadsle; feedback

from project stakeholders, etc.).

Due to the large number of the model inputs, espeitl not be able to

provide the evaluation for many cases. However, ynaases will be
needed for the optimization process. Thereforis, advisable to connect
as many as possible experts to provide their injputthe future
development of the model. It is important to prepamplan to meet with
surety organizations in construction and provideeaplanation of the
developed model, in addition to the expected ben&dm the further
improvements. It is also important to provide thepexts with the
developed model and ask them to use it for futuomtractor
prequalification. That way, they can document alhtcactor default
prediction or contractor prequalification caseshe future according to
the structure of the developed model. The expdntsild also provide

the assessment for all the model outputs (interate@ind final overall).
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7.3.2 Model Optimization

* Optimization of the developed model (i.e., CDPM)ngsthe GAs was
conducted for one trial using the predeterminediainisolutions.
However, it is recommended to conduct several G#ropation trials
(not less than 10 trials) for the same model. Thial population for
these trials can be randomly generated and/or dpedl as a mix
between the predetermined solutions presentedsrsthidy and random
solutions.

» Different approaches should be investigated tooperfthe different GA
processes (i.e., parent selection, crossover, aridtion). A sensitivity
analysis should be conducted using the optimizatesults from each
approach to determine the most suitable approacB@®M adaptation.

* Only the most common optimization techniques (genetgorithms and
artificial neural networks) that can be integrateih fuzzy systems
were investigated for the model optimization. Moogtimization
techniques that can be integrated with fuzzy modmlsh as the “Ant
Colony” and/or the “Particle Swarm” optimizationgalithms, can be

investigated to increase the model accuracy.

7.3.3 Model Context Variables
Since economic conditions can have a significafécefon contractor
default, it is recommended that a variety of ecoicoamd market conditions be

incorporated as context variables for future workhe CDPM model.
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7.3.4 Model Scope

* Only surety experts provided the knowledge requifed the contractor
default prediction model development. However, topiove the
versatility of the model, more construction partiés.g., owners,
consultants, and suppliers) need to be invitedréwige their inputs for
improvements to the model. Their contributions magld more
evaluation criteria that make the model suitable deeryone who is
concerned with contractor prequalification and/antcactor default
prediction.

* The contractor default prediction model presentedthis research was
developed to evaluate general contractors; it cdaddenhanced by
including more evaluation criteria in order to exste subcontractors

and heavy equipment contractors.
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Appendix A — Sample of the Relative Importance Weilgts
Questionnaire for the DSS

Criteria Weighting for General Contractors

The purpose of this document is to weight evaluatiGteria used in the prequalification
process ofseneral Contractors for a specific project The prequalification criteria was
subdivided into 3 categories; Project Aspects, mmtal Risks, and Contractor's
Organizational Practices. Each of these categimidivided into subcategories, some of
which are also divided into sub-subcategories. as®leweight the importance of each
criterion relative to the other criteria in thategory, subcategory, or sub-subcategory by
circling 1 for the LEAST Important and 7 for the MOST important. For more
clarification of different levels of categories asdbcategories and sub-subcategories,
each category colored with certain color and eambrcrepresents a certain level of
evaluation factors as indicated below.

First level Second level Third level Fourth level

If you have any questions regarding this documésage contact me (Adel Awad) by
email, Alawad@ualberta.ca, or by telephone, 780911, and | will be happy to
answer them. Thank you very much for your time laalgful insight.

Project Aspects

1.0 Project Team — 1 2 3 4 5 6
7
1.1 Owner 1 2 3 4 5 6 7
1.1.10wner Type 1 2 3 4 5 6 7
1.1.2Funding 1 2 3 4 5 6 7
1.1.3Experience 1 2 3 4 5 6 7
Quarterly evaluation
1.4.1 WC/TNW Trends 1 2 3 4 5 6 7
1.4.1.1Working Capital Trend 1 2 3 4 5 6 7
1.4.1.2Tangible Net Worth Trend 1 2 3 4 5 6 7
2.0 Project Specifics 1 2 3 4 5 6 7
2.1 Scope of Work 1 2 3 4 5 6 7
2.1.2Type 1 2 7
2.1.3Size 1 7
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Appendix B — Sample of the Membership Function

Estimation Questionnaire for the DSS

PART (1) - Project Aspects

1. Owner Funding

“Owner funding” indicates the owner funding abilgyaluation. There are several
points related to this issue, such as;

Funding ability.

The existence of financial responsibility clausebahdocument.
Confirmation of project financing.

Type of confirmation provided.

The surety underwriter/broker satisfaction regagdime owner ability to
fund the project.

agrnNpE

Using 1-7 rating scale to evaluate the owner fundg situation as;

1. INADEQUATE Funding ability, No financial respondliy clause on bid
document, No Confirmation of project financing, andOW surety
underwriter/broker satisfaction.

2. ADEQUATE Funding ability, No financial responsiltyli clause on bid
document, No Confirmation of project financing, andOW surety
underwriter/broker satisfaction.

3. ADEQUATE Funding ability, AVERAGE financial respadbdity clause on
bid document, No Confirmation of project financingnd LOW surety
underwriter/broker satisfaction.

4. ADEQUATE Funding ability, GOOD financial respondityi clause on bid
document, POOR Confirmation of project financingpdalow surety
underwriter/broker satisfaction.

5. ADEQUATE Funding ability, GOOD financial respondityi clause on bid
document, AVERAGE Confirmation of project financingnd AVERAGE
surety underwriter/broker satisfaction.
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6. ADEQUATE Funding ability, GOOD financial respondityi clause on bid
document, GOOD Confirmation of project financingdaAVERAGE surety
underwriter/broker satisfaction.

7. VERY ADEQUATE Funding ability, GOOD financial respsibility clause
on bid document, GOOD Confirmation of project finang, and HIGH surety
underwriter/broker satisfaction.

1. What would you consider to be POOR Owner Funding situation?

Please check all applicable boxes.

a a a a g a

2. What would you consider to be AVERAGE Owner Funding situation?
Please check all applicable boxes.

a a a a g a

3. What would you consider to be GOOD Owner Funding situation?

Please check all applicable boxes.

a g a a a g

Comments:
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6. Working Capital Trend

"Working Capital (WC)

A measure of both a company's efficiency and itststerm financial health.
Working Capital = Current Assets — Current Liaikt

Working Capital Trend

The percentage of increase or decrease of worlkipiat

Working Capital Trend = (Current WC — Last WC)/Gant WC"

1. What would you consider LOW in Working Capital to be?

Please check all applicable boxes.

glal[al [al[g] [a] [g] gl gl [@l [@l [g] @l @l [a

14% 18% 20% 22% 24% 26% 28% 30%

2. What would you consider AVERAGE in Working Capital to be?

Please check all applicable boxes.

=N EIENEE N ER R EN R
-16% -14% -12% -10% -8% -6% -4% -2% 0 2% 4% 6% 8% 10% 12%

@@@@@@@@

3. What would you consider HIGH in Working Capital to be?

Please check all applicable boxes.

oot [][e) Sl @-.@.‘-@m@f@f@l-f@i.@f@l

-16% -14% -12% -10% -8% -6% -4% -2% 0 2% 4% 6% 8% 10% 12%
R W U T U T T T T S w—

@@@@@@@@
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PART ( 2) - Contractual Risk

“Payment” is a factor reflects satisfaction towgatide conditions under which
payment will be made for work completed during aipa of a construction
period.

Points that can be used for rating the Paymenbifastich as;

* Payment terms.

» Architect/Engineer's role to changes in the wodgrpent approval,
substantial completion and completion.

* Owner approval in the payment process.

» Entire payment process and timing.
» Payment will be made for materials on site.

* Holdback amount.

» Holdback releasing.
* In case of several phases project, receiving haklbpon completion

of each phase.
Using 1-7 rating scale to evaluate Payment factorsa

POOR payment terms, POOR payment process and timing
Architect/Engineer's role to changes in the worlgyrmpent approval,
substantial completion and completion is NOT CLEARLdefined,
UNREASONABLE holdback amount, NOT INCORPORATED pagmh for
materials on site, If project makes up several ebaghe contractor
NOTABLE TO receive holdback upon completion of egqttase and LOW
surety underwriter/broker satisfaction.

AVERAGE payment terms, AVERAGE payment process dding,

Architect/Engineer's role to changes in the worlgyment approval,
substantial completion and completion is NOT CLEARLdefined,

UNREASONABLE holdback amount, NOT INCORPORATED pagmh for

materials on site, If project makes up several ekaghe contractor
NOTABLE TO receive holdback upon completion of eaphase and
AVERAGE surety underwriter/broker satisfaction.

AVERAGE payment terms, AVERAGE payment process amding,

Architect/Engineer's role to changes in the worlgyment approval,
substantial completion and completion is SOMEWHAIEBRLY defined,

REASONABLE holdback amount, NOT INCORPORATED paymédar

materials on site, If project makes up several ebaghe contractor
NOTABLE TO receive holdback upon completion of eaphase and
AVERAGE surety underwriter/broker satisfaction.

GOOD payment terms, GOOD payment process and timing

Architect/Engineer's role to changes in the worlgyrmpent approval,
substantial completion and completion is SOMEWHAIEBRLY defined,
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SOMEWHAT REASONABLE holdback amount, NOT INCORPORAD
payment for materials on site, If project makes sgveral phases, the
contractor ABLE TO receive holdback upon completafneach phase and
AVERAGE surety underwriter/broker satisfaction.

GOOD payment terms, GOOD payment process and timing
Architect/Engineer's role to changes in the worlgyment approval,
substantial completion and completion is SOMEWHAIEBRLY defined,
REASONABLE holdback amount, INCORPORATED payment fiwaterials

on site, If project makes up several phases, titractor ABLE TO receive
holdback upon completion of each phase and AVERAGHrety
underwriter/broker satisfaction.

VERY GOOD payment terms, GOOD payment process anund,
Architect/Engineer's role to changes in the worlgyment approval,
substantial completion and completion is CLEARLY fidked,
REASONABLE holdback amount, INCORPORATED payment riwaterials
on site, If project makes up several phases, titractor ABLE TO receive
holdback upon completion of each phase and AVERAGHety
underwriter/broker satisfaction.

VERY GOOD payment terms, VERY GOOD payment procasd timing,
Architect/Engineer's role to changes in the worlgyment approval,
substantial completion and completion is VERY CLHARdefined, VERY
REASONABLE holdback amount, INCORPORATED payment riwaterials
on site, If project makes up several phases, titractor ABLE TO receive
holdback upon completion of each phase, and HIGEtgwnderwriter/broker
satisfaction.

1. Which rate would you consider POOR Payment to be? Please check

all applicable boxes.

a a a a a a a

2. Which rate would you consider AVERAGE Payment to be? Please

check all applicable boxes.

a a a a a a a
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3. Which rate would you consider GOOD Payment to be? Please check

all applicable boxes.

Average
a a a a a a
1 2 3 4 5 6
— I I I I I
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Appendix C — DSS Description and Sample of the MBFEs

and Rule Base

DSS Description

Input Variables 32
Output Variables 1
Intermediate Variables 15
Rule Blocks 16
Rules 1134
[IMembership Functions 143

Part of the System Structure

The system structure identifies the fuzzy logic inference flow from the input
variables to the output variables.

Contractor Prequalification Decision Support System

RE1D

[XX OwnerType REE

gg OwnerFundi QunerType. Owner
OwnerFunding

[ 0.0 Fup D_DA_Expemencalm

g g BonSecSubc RE7

g i ScopsGapsh, | BonSecSube g\ s
ScopeGaps

[ i OverSubeP.f~ QuerSubcPreq [ HidHan |

g g “WorCapitTr FBS

i g TangMetw... b | WorCapitTr
TangetwarthTr WE_TNw_GFM

g g GrossPMar... [ GrossPhargTr

i g GrossProfid GirossProftdarg bt &

g g MetPMargTr RB3
MetPtargTr

g g DebtTEqRa... DehtTEqRatio MPL_MPM_D

g g NathfMarg|- MetPraftarg [ HinfMax |

A Cash_Flow RETT

DQZ : Cash_Flow

Operating_. Dperating Line Current_Evaluati

[ ka_Dn_Hand,W

§ 5 Type_Comp. RE13

DQZ Type_Complex

Project_Size Project_Size
%3 Project_Loc. [ Pioject_Location  Prol_Sp_scop

Cost_Blkdown

g g Cost_Bkdown|'| Schedule
Esdwadula Project_Riisk. MinMax
(% Project_Risk|

WE_THwW _GPM  YearEndEval

WP_NPM_D liM YT

/

RB15

Quwner

Subcontiactors

Contractor

Project_Team

Felir/hd am

RB12

VearE ndE val

Contractar

Current_Evaluati IW
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Sample of the input’ MBFs

Input Variable "Bonding_Security"

Foor Ayerage Good
1.0
0s
0E
0.4
0z
0o
1 25 4 EE 7
Rating
MBF of "Bonding_Security"
Term Name  [Shape/Par. Definition Points (X, y)
Poor linear (1, 1) (2.38, 1) (4, 0)
(7, 0)
Average linear (1, 0) (1.5,0) 4,1)
(6, 0) (7, 0)
Good linear (1, 0) (4, 0) (5.65, 0.99804)
(7, 1)

Definition Points of MBF "Bonding_Security"

Input Variable "Contract_Form"

1Davner_\a\-"ord Combined Standard

08

06

04

0z

0.0

1 15 2 25 3
Crisp
MBF of "Contract_Form"
Term Name  [Shape/Par. Definition Points (X, y)
Owner Word [linear (1, 1) (1, 0) (3, 0)
Combined linear (1, 0) (2, 0.00196) (2,1)
(2.001, 0) (3,0

Standard linear (1, 0) (3, 0) (3,1)

Definition Points of MBF "Contract_Form"
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Input Variable "DebtTEqRatio"

] medium high
1.0
0g
0E
04
0z
0o
1 2 3 4
Ratio
MBF of "DebtTEqgRatio"
Term Name  [Shape/Par. Definition Points (X, y)
low linear (0, 1) (1.6, 1) (2.4, 0)
(4, 0)
medium linear (0, 0) (1.6, 0) (1.8,1)
(2.28, 1) (2.6, 0) (4, 0)
high linear (0, 0) (2.2, 0) (2.8, 1)
(4. 1)
Definition Points of MBF "DebtTEgRatio"
Sample of the Rule Blocks
Rule Block "RB1"
Parameter
Aggregation: MIN
Parameter: 0.00
Result Aggregation: MAX
Number of Inputs: 4
Number of Outputs: 1
Number of Rules: 81
IF THEN
Payment \Warranty Damg_Penlt_Bon [Toxic_Haz_SubM [DoS [Pay_Wr_Damg_T
us at oXi
Poor Poor Poor Poor 1.00 |low
Poor Poor Poor Average 1.00 [low
Poor Poor Poor Good 1.00 [low
Poor Poor Average Poor 1.00 [low
Poor Poor Average Average 1.00 [low
Poor Poor Average Good 1.00 jmedium
Poor Poor Good Poor 1.00 |low
Poor Poor Good Average 1.00 jmedium
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IF THEN

Poor Poor Good Good 1.00 [medium
Poor IAverage Poor Poor 1.00 |low

Poor IAverage Poor Average 1.00 [low

Poor IAverage Poor Good 1.00 jmedium
Poor IAverage Average Poor 1.00 [low

Poor Average Average Average 1.00 [medium
Poor IAverage Average Good 1.00 jmedium
Poor IAverage Good Poor 1.00 jmedium
Poor IAverage Good Average 1.00 jmedium
Poor Average Good Good 1.00 |medium
Poor Good Poor Poor 1.00 [low

Poor Good Poor Average 1.00 [medium
Poor Good Poor Good 1.00 |medium
Poor Good Average Poor 1.00 jmedium
Poor Good Average Average 1.00 [medium
Poor Good Average Good 1.00 [medium
Poor Good Good Poor 1.00 |medium
Poor Good Good Average 1.00 [medium
Poor Good Good Good 1.00 |high

lAverage Poor Poor Poor 1.00 |low

[Average Poor Poor Average 1.00 [low

Average Poor Poor Good 1.00 [medium
lAverage Poor Average Poor 1.00 |low

lAverage Poor Average Average 1.00 jmedium
Average Poor Average Good 1.00 [medium
Average Poor Good Poor 1.00 jmedium
Average Poor Good Average 1.00 jmedium
Average Poor Good Good 1.00 [medium
lAverage IAverage Poor Poor 1.00 [low

Average Average Poor Average 1.00 [medium
Average Average Poor Good 1.00 [medium
lAverage IAverage Average Poor 1.00 jmedium
lAverage IAverage Average Average 1.00 [medium
Average Average Average Good 1.00 [medium
Average Average Good Poor 1.00 |medium
lAverage IAverage Good Average 1.00 jmedium
Average Average Good Good 1.00 |high

Average Good Poor Poor 1.00 [medium
lAverage Good Poor Average 1.00 jmedium
Average Good Poor Good 1.00 [medium
lAverage Good Average Poor 1.00 jmedium
Average Good Average Average 1.00 jmedium
Average Good Average Good 1.00 |high

Average Good Good Poor 1.00 jmedium
lAverage Good Good Average 1.00 |high

Average Good Good Good 1.00 |high

Good Poor Poor Poor 1.00 [low

Good Poor Poor Average 1.00 jmedium
Good Poor Poor Good 1.00 |medium
Good Poor Average Poor 1.00 [medium
Good Poor Average Average 1.00 jmedium
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IF THEN
Good Poor Average Good 1.00 jmedium
Good Poor Good Poor 1.00 |medium
Good Poor Good Average 1.00 [medium
Good Poor Good Good 1.00 |high
Good Average Poor Poor 1.00 [medium
Good Average Poor Average 1.00 [medium
Good IAverage Poor Good 1.00 jmedium
Good IAverage Average Poor 1.00 jmedium
Good IAverage Average Average 1.00 jmedium
Good Average Average Good 1.00 |high
Good IAverage Good Poor 1.00 jmedium
Good Average Good Average 1.00 |high
Good Average Good Good 1.00 |high
Good Good Poor Poor 1.00 |medium
Good Good Poor Average 1.00 [medium
Good Good Poor Good 1.00 |high
Good Good Average Poor 1.00 jmedium
Good Good Average Average 1.00 |high
Good Good Average Good 1.00 |high
Good Good Good Poor 1.00 |high
Good Good Good Average 1.00 |high
Good Good Good Good 1.00 |high

Rules of the Rule Block "RB1"

300




Appendix D — Sample of the Questionnaire for

Quantifying the Relative Experience of Surety Expetis

Part A:

Relative Importance of Quantification Attributes

This section requires you to conduct a pairwise ganison between the expert’
six experience measures identified earlier. Thepaomeon would simply take the
form: “How important is measure 1 when compareangasure 2 in evaluating
surety expert experience?” The expert is askedrdwige one of the following

responses in either numeric or linguistic fashasshown in the following table.

Decision aids for Pairwise Comparison

Numerical Rating Importance
1 EQUALLY IMPORTANT
2 SLIGHTLY MORE IMPORTANT
3 STRONGLY MORE IMPORTANT
4 VERY STRONGLY MORE IMPORTANT
5 EXTREMELY MORE IMPORTANT
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Experience in surety for
construction

Current role

Experience In Surety For
Construction Vs. Current
Role

Experience in surety for
construction

Experience in
Contractor
Prequalification

Experience In Surety For
Construction Vs. Experience In
Contractor Prequalification

Experience in surety for
construction

Experience in
Project Evaluation

Experience In Surety For
Construction Vs. Experience In
Project Evaluation

Experience in surety for
construction

Size Limit

Experience In Surety For
Construction Vs. Size Limit

Experience in surety for
construction

Largest Project
Evaluated

Experience In Surety For
Construction Vs. Largest
Project Evaluated

Current role

Experience in
Contractor
Prequalification

Current Role Vs. Experience In
Contractor Prequalification

Current role

Experience in
Project Evaluation

Current Role Vs. Experience In
Project Evaluation
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Part B:

Defining Worth Function for Surety Expert

Experience Measures

In this section we will identify the Upper limit, Lower limit and three
intermediate values to construct a function for each experience measure as in
the Figure below. The proposed function will represent the relationship between

the attribute value and the corresponding worth value.

The LOWER LIMIT (or less) will have 0% (NO) worth value AND UPPER LIMIT (or
more) will have 100% (FULL) worth value for each of the surety expert
experience measures identified. Please provide the numerical or linguistic limits
for each measure. The evaluation is limited to surety underwriters and brokers

who working in surety bonding in construction industry.

1. Experience in Surety for Construction Quantification Method (Numerical, e.g., 10

(ESC) years)
I —
Lower Limit . Upper Limit
Intermediate Values

(L) e (L)
Years of Experience
Worth o ;
Value/Percentage 0% 100%
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Appendix E — Sample for the Information about the MPM'’s Inputs and Outputs

Input Number Evaluation Criteria Description Linguistic Descriptors Quantification \/’\::Ee \Z Iauxe Critical If | Favourable If
1.00000 Project Aspects Evaluation Evaluation of two categories; Project Team and Project Specifics/Scope Unacceptaglgo-dAcceplable Predetermined Rating Scale of 1-5 1 & <3 Higher
1.10000 Project Team Evaluation :r\:glgagi;gzg;ojectstakeholders (o S e R A TS B B R ) Poor - Average - Good Predetermined Rating Scale of 1-5 1 5 <3 Higher
1.11000 Owner Evaluation Poor - Average - Good | Predetermined Rating Scaleof1-5| 1 5 <3 Higher

The “Owner type” factor can be either “PUBLIC” dPRIVATE Known” " Private PrivateUnknown - (Categorical) Crisp Values (Pubic, Private )
1.11100 Owner Type . " . ) 1 4 Public
w Unknown. PrivateKnown - Public PrivateKnown, PrivateUnknow Unknown
Owner Funding Ability
1. The existence of financial responsibility claosebid document.
1.11200 Owner Funding 2. Confirmation of project financing. Poor - Average - Good Predetermined Rating Scale of 1-5| 1 5 <3 Higher
3. Overall surety underwriter/broker satisfactiegarding the owner ability to fund the
project
1.11300 Owner/O.Agent Experience The owner or owner agent experience in construdtidustry Low - Medium - High Real Numbers (# yea 0 15 <5 Higher
2.11300 Owner/O.Agent Reputation The owner or owner agent reputation in construdtidostry Poor - Average - Good Predetermined Rating Scale of 1 5 <3 Higher
112120 Subcontractors Evaluation Unqualfied - Qualified - | o, o o1o mined Rating Scale of 15| 1 5 <3 Higher
Very Qualified
112122 Subcontractors Bonds Value Provided bonding value (Totgl bonds that will beadted from subcontractors) total bonds Low - Medium - High Real Numbers (% Percent) 0 100 5 Higher
value to the total subcontracting value
112125 Subcontractors Experience The average years of experience that the assigiestracts have in construction indugtry. Low - Medium - High Real Numbers (# years) 0 15 <2 Higher
1. The policy around prequalfying of subcontrastformal or realistic informal process).
1.12126 Overall Subcontractors Qualification 2. Relationship w’rth the.gep‘eraj coniractor. Poor - Average - Good Predetermined Rating Scale of 1-5| 1 5 <3 Higher
3. Subcontractor's availability of resources.
Indicates if the general contractor ensured tiesetare no scope gaps on the assigned|
subcontracts.
1. Is the scope for each subcontractor is welhddf? any Gans - Some Gaps - No
112127 Subcontracts Scope Gaps 2. Has the contractor developed a good procedugadare that there are no scope gapslx.4 v 5ap Gaps P Predetermined Rating Scale of 1-5| 1 5 <3 Higher
3. Holding of sufficient meetings between subcarites
4. Overall review for all subcontractors® roles
Architect / Engineer (Design . . )
1.11000 9 .( 9 Poor - Average - Good | Predetermined Rating Scaleof1-5| 1 5 <3 Higher
Consultant) Evaluation
1.11100 AE Experience What is their experienc Low - Medium - High Real Numbers (# yea 0 15 <5 Higher
1.11200 AJE Reputation What is their Character? Have you worked with tipgeviously Poor - Average - Good Predetermined Rating Scale of 1 5 <3 Higher
111300 AJE Liability Insurance What level of Errors and Omissions do they cayRat is their claims histor Poor - Average - Good Predetermined Rating Scale of 1 5 <3 Higher
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Appendix F — Sample of the Input’s Relative Importance

Weights Questionnaire for the CDPM
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General Contractors Surety Prequalification: Criteria Weighting-2

*1, Specify the influence of the following input variables on the Owner Evaluation:

1 5
No . L

“Minor 2 3 4 “Significant

Influence

Influence” Influence”
Owner Type (Private Unknown - Private Known - Public) C C C C C C
Owner funding ability C @ C C C C
Owner or owner agent experience C C C C C C
C C C C C C

Owner or owner agent reputation

Comment:

X2, Specify the influence of the following input variables on the Subcontractors

Evaluation:

1 5
No . L

“Minor 2 3 4 “Significant

Influence

Influence” Influence”
Obtaining bonds from subcontractors and total value of Bonds obtained C C C C C C
Subcontractors Experience @ (@ C C C C
Overall Subcontractors Qualification C C C cC C (@)
C C C C C (@

Scope Gaps between subcontractors

Comment:

|
*3. Specify the influence of the following input variables on the Architect/Engineer
(Design Consultant)Evaluation:

1 5
No . L
“Minor 2 3 4 “Significant
Influence
Influence” Influence”
Architect/Engineer Experience C C C C C C
Architect/Engineer Reputation @ @ C C C
C C C C C C

Architect/Engineer Liability Insurance

Comment:
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General Contractors Surety Prequalification: Criteria Weighting-2

*7. Specify the influence of the following input variables on the Contractor Evaluation:

1 5
No . L
“Minor 2 3 4 “Significant
Influence
Influence” Influence”
Contractor Last Financial Evaluation C C C C C (©
Contractor Current Evaluation C @ C C C C

Comment:
| |

* 8. Specify the influence of the following input variables on the Project Team Evaluation:

1 5
No . -

“Minor 2 3 4 “Significant

Influence

Influence” Influence”
Owner Evaluation (© (@) C C C C
Subcontractors Evaluation C C C C C C
Architect/Engineer (Design Consultant) Evaluation C C C C C C
Contractor Evaluation C @ C C C C

Comment:

* 9. Specify the influence of the following input variables on the Project Type/Complexity
Evaluation:

1 5
No . N
“Minor 2 3 4 “Significant
Influence
Influence” Influence”
Past Similar (Type/Complexity) Projects C C C C C C
Key Employee Type/Complexity Experience C C c c c
Project Manager Type/Complexity Experience C C C C C C

Comment:

*10. Specify the influence of the following input variables on the Project Size Evaluation:

1 5
No . L
“Minor 2 3 4 “Significant
Influence
Influence” Influence”
Past Projects Experience in size C (@) C C C C
Ratio to largest project C C C C C
Project Manager Size Experience C (@) C C C C

Comment:
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Appendix G — Sample of the Hypothetical Cases fohe CDPM

“ Owner Evaluation Subcontractors Evaluation

(]

% D D D A o o Owerall
O Ovner Type Fﬁmir ng(er/Q.Agem Ovaner/O.Agent O ! O ! O | gareg : d Subcontractors Subcon.tractors Subcontraciors Rfileaiey OUTPUT OUTPUT OUTPUT  Aggregated

g perience eputation P p p 0 Bonds Value Experience Qualification Expert 1 Expert 2 Expert 3 Score
09616 06840  0.4714 09616 06840 0.4714 |GG

1 Public 1 1 1 2.5 15 1.0 1.84 0 1 1 1 1.0 1.0 1.0 1.00

2 Public 3 0 3 4.0 25 3.0 3.29 5 7 1 4 3.0 2.0 2.0 2.45

3 Public 5 0 5 4.5 3.5 4.0 4.07 20 13 1 5 3.5 2.5 3.0 3.07

4 Privateknown 1 6 2 15 2.0 15 1.66 55 1 4 1 3.5 3.0 2.0 3.00

5 PrivateKnown 3 6 3 2.5 3.5 3.0 2.93 50 8 4 4 4.0 3.5 2.5 3.50

6 PrivateKnown 5 5 5 4.3 4.6 4.0 4.33 55 13 4 5 4.0 4.0 4.5 4.11

7 PrivateUnknown 1 9 1 1.0 25 15 1.60 80 1 5 1 3.0 3.5 25 3.05

8 PrivateUnknown 3 11 3 2.5 3.0 4.0 3.00 90 7 5 4 5.0 4.0 4.5 4.57

9 PrivateUnknown 5 15 5 4.5 4.0 4.6 4.36 80 13 5 4.5 5.0 4.5 4.66
10 Public 1 5 5 3.6 2.0 3.0 2.95 83 3 3 1 3.5 3.0 3.0 3.23

“ Architect / Engineer (Design Consultant) Evaluation Last Financial Evaluation

()

2]

8 A/.E AVE Reputation AVE Liability @Rl OUTP OUTP Aggregated Working Tangible Net Gr0§s Profit Ne? Profit I;embitt;o Gross Ffroﬁt Net Prpfit OUTPUT OUTPUT OUTPUT Aggregated

Experience Insurance pe pe pe ore Capital Trend| Worth Trend |Margin Trend | Margin Trend Ratio Margin CUslul Expertl Expert2 Expert3 Score
09616 06840  0.4714 09616 06840 04714 |G

1 0 1 1 15 2.0 2.0 1.77 -30 -15 -50 -35 0.8 0 0 1.5 1.0 2.5 1.56

2 7 1 4 3.3 3.0 4.0 3.36 -16 -30 -4 3 06 10 6 43 3.5 5.0 4.19

3 13 1 5 4.0 4.5 4.5 4.27 -20 -25 40 30 0.9 24 15 43 4.0 5.0 4.35

4 8 2 1 3.0 3.0 3.5 3.09 10 6 -35 -30 1.9 3 1 3.0 3.0 4.0 3.20

5 5 2 2 2.5 3.0 3.0 2.76 6 10 -9 -4 24 10 6 3.0 3.0 4.0 3.21

6 5 4 5 43 4.0 4.0 4.13 10 10 31 48 22 23 15 4.3 4.0 5.0 4.35

7 10 4 1 3.0 3.0 3.5 3.09 30 28 5 -47 32 3 2 3.0 3.0 4.0 3.20

8 13 2 2 34 3.0 3.5 3.27 27 30 1 1 29 10 6 43 4.0 5.0 4.35

9 8 3 5 43 4.5 4.0 4.29 30 25 50 40 3 22 11 43 4.0 5.0 4.35

10 11 1 2 3.0 3.0 3.5 3.09 -28 30 0 35 29 4 5 3.2 3.0 4.0 3.32
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Current Project Type/Complexity Experience Evaluation

* Evaluation

8

@ |Work onHandto R e e OUTPUT OUTPUT OUTPUT Aggregated PastSimilar | Key Employee | Project Manager oy 1yy dieTUny:10n 10} 1-T0) AU

" . ; a ; ) A ggregated
O Agg&?ngi?l'on Owerbilled | Underbilled Cash Flow |[Operating Line pe pe pe ore preé(:;;;::xny) Typ;;iggs:ny Ty;;lp(;?imeg::ty Expert1 Expert2 Expert3 Score
09616 0.6840 04714 o616 0.6840 04714 |G

1 5 0 0 1 1 15 1.5 2.0 1.61 0 1 1 1.5 2.0 1.5 1.66
2 40 1 11 3 2 2.5 2.0 3.0 2.45 6 2 6 3.0 3.5 4.0 3.36
& 80 1 25 5 1 1.5 1.5 2.0 1.61 9 2 9 4.0 4.0 45 411
4 63 12 3 1 4 3.0 2.5 3.0 2.84 5 3 5 3.0 3.5 3.0 3.16
) 26 15 11 2 5 3.0 3.0 3.5 3.09 2 0 10 3.0 2.5 4.0 3.04
6 26 12 11 4 1 2.5 3.0 2.0 2.56 7 3 3 3.0 3.0 4.0 3.22
7 34 15 23 5 5 43 3.5 4.0 3.97 7 4 3 3.0 3.0 3.0 3.00
8 44 5 9 3 3 2.7 3.0 3.0 2.89 9 5 9 43 4.0 5.0 435
9 47 21 19 2 1 1.5 1.5 2.0 1.61 0 4 0 1.5 2.0 2.0 1.77
10 53 25 0 1 5 4.0 45 5.0 4.40 10 3 5 3.0 3.0 4.0 3.22
“ Project Size Experience Evaluation Project Location Experience Evaluation

()]

% Past Projecty  Ratioto Project OUTPUT OUTPUT OUTPUT Aggregated Contractor Past Awerage Staff | Project Manager O 5 o 5 O 5 NG ERR
O  |Bxperience in largest Manager Size E i1 E t2 E 3 S Projects Experience Location Location _ _ ~ :

size project Experience 2D 2BE KDC SO in Location Experience Experience P P P <
0.9616 0.6840 04714 0.9616 0.6840 0.4 4

1 0 5 1 0 0 0 15 1.0 1.0 1.23
2 5 25 5 7 1 7 25 2.0 35 2.56
3 10 20 9 9 2 9 4.0 3.0 45 3.78
4 10 46 1 3 2 3 2.5 2.0 2.5 2.35
5 10 25 7 4 0 10 2.5 2.0 3.0 2.45
6 5 19 6 5 7 9 4.0 3.0 3.5 3.58
7 6 89 3 7 3 5 4.0 4.0 3.0 3.79
8 6 9% 0 0 9 6 4.0 5.0 3.5 4.22
9 9 40 6 9 7 0 4.0 4.0 3.0 3.77
10 0 40 3 1 8 7 4.0 3.0 4.0 3.69
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Appendix H — Sample of the MBF Estimation

Questionnaire for the CDPM
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General Contractors Surety Prequalification: CRITERIA QUANTIFICATION

1. PARTICIPANT INFORMATION

Dear respondent,

The University of Alberta, Hole School of Construction Engineering would like to ask for your help in creating a decision-
making model to assist surety underwriters and brokers in the construction industry. The model will account for many of
the factors that surety underwriters and brokers use when evaluating a contractor. It will help to assess a contractor’s
risk rating for bonding. It will also provide recommendations of conditions to be met by a contractor prior to bonding being
given, and will be useful as a quality improvement tool for the contractor. The model will take into account both qualitative
(subjective) and quantitative (objective) factors. As you know, many of them are based on expert opinion and judgment or
have a range of acceptable values. To compound this problem, relationships between the factors are non-linear and
difficult to anticipate. One advantage to the model will be its ability to formalize a very complex decision while being able
to follow its logic. This model will not replace the experience and judgment of surety underwriters and brokers, it will only
help to verify decisions and investigate the impact of slight changes to contractor qualification data.

Intent of The Survey:

The following questionnaire will help us to determine the measurement of each criterion. You will be asked to quantify
certain linguistic terms that are used to describe the each criterion. For each linguistic term (eg. poor, average, good)
please select more than one answer for each question unless you feel that only one answer is applicable. When
answering these questions keep in mind that you are referring to a GENERAL CONTRACTOR.

CLARIFICATION:
The presented evaluation criteria are not limited to what you are currently using for the purpose of general contractor
prequalification process. The study includes more in-depth evaluation criteria for prequalification process enhancement.

The approximate time to complete the questionnaire is 40 minutes.

Note that:
The data is confidential and your identity will not be shared with other respondents.

Thank you very much for your time and cooperation. It is greatly appreciated.
If you have any questions please feel free to contact:

Adel Awad
Email: alawad@ualberta.ca
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General Contractors Surety Prequalification: CRITERIA QUANTIFICATION

2. OWNER FUNDING ABILITY

“Owner funding” indicates the owner funding ability evaluation.

There are several points related to this issue, such as;

1. Existence of financial responsibility clause on bid document.

2. Confirmation of project financing.

3. Type of confirmation provided.

4. The surety underwriter/broker satisfaction regarding the owner ability to fund the project.

1. What would you consider is a POOR Owner Funding situation? Please check all
applicable boxes.

" No financial responsibility clause on bid document, No Confirmation of project financing, and LOW surety underwriter/broker satisfaction

regarding the owner ability to fund the project.

" No financial responsibility clause on bid document, No Confirmation of project financing, and AVERAGE surety underwriter/broker

satisfaction regarding the owner ability to fund the project.

[ Financial responsibility clause on bid document, No Confirmation of project financing, and AVERAGE surety underwriter/broker

satisfaction regarding the owner ability to fund the project.

" Financial responsibility clause on bid document, Confirmation of project financing, and AVERAGE surety underwriter/broker satisfaction

regarding the owner ability to fund the project.

[ Financial responsibility clause on bid document, Confirmation of project financing, and HIGH surety underwriter/broker satisfaction

regarding the owner ability to fund the project.

2. What would you consider is a AVERAGE Owner Funding situation? Please check all
applicable boxes.

" No financial responsibility clause on bid document, No Confirmation of project financing, and LOW surety underwriter/broker satisfaction

regarding the owner ability to fund the project.

[ No financial responsibility clause on bid document, No Confirmation of project financing, and AVERAGE surety underwriter/broker

satisfaction regarding the owner ability to fund the project.

" Financial responsibility clause on bid document, No Confirmation of project financing, and AVERAGE surety underwriter/broker

satisfaction regarding the owner ability to fund the project.

" Financial responsibility clause on bid document, Confirmation of project financing, and AVERAGE surety underwriter/broker satisfaction

regarding the owner ability to fund the project.

[ Financial responsibility clause on bid document, Confirmation of project financing, and HIGH surety underwriter/broker satisfaction

regarding the owner ability to fund the project.
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General Contractors Surety Prequalification: CRITERIA QUANTIFICATION

3. What would you consider is a GOOD Owner Funding situation? Please check all
applicable boxes.

[ No financial responsibility clause on bid document, No Confirmation of project financing, and LOW surety underwriter/broker satisfaction

regarding the owner ability to fund the project.

[ No financial responsibility clause on bid document, No Confirmation of project financing, and AVERAGE surety underwriter/broker

satisfaction regarding the owner ability to fund the project.

[ Financial responsibility clause on bid document, No Confirmation of project financing, and AVERAGE surety underwriter/broker

satisfaction regarding the owner ability to fund the project.

[ Financial responsibility clause on bid document, Confirmation of project financing, and AVERAGE surety underwriter/broker satisfaction

regarding the owner ability to fund the project.

[ Financial responsibility clause on bid document, Confirmation of project financing, and HIGH surety underwriter/broker satisfaction

regarding the owner ability to fund the project.
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General Contractors Surety Prequalification: CRITERIA QUANTIFICATION

5. SUBCONTRACTORS BONDS VALUE

Provided bonding value (Total bonds that will be obtained from subcontractors)
The percentage of the total bonds value to the total contract value

1. What would you consider a LOW Bonds to be? Please check all applicable boxes.

I~ o% [ 5% [ 10% [ 15% [ 20 [ 25% [ 30% [ 35% [ 40% [ 45% [ s50% [
2. What would you consider a AVERAGE Bonds to be? Please check all applicable boxes.
M o% [ 5% [ 10% [ 15% [ 20% [ 25% [ 30% [ 35% [ 40% [ 45% [ s50% [
3. What would you consider a HIGH Bonds to be? Please check all applicable boxes.

M s0% [~

I o% [ 5% I 10% [ 15% [ 20% T 25% [ 30% [ 35% [ 40% [ 45%
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General Contractors Surety Prequalification: CRITERIA QUANTIFICATION

6. SUBCONTRACTORS EXPERIENCE

The average years of experience that the assigned subcontracts have in construction industry.

1. How many YEARS of experience would classify Subcontractors Experience as having
POOR Construction Experience?
Please check all applicable boxes.

Mo T 1 [T 2 I3 [T 4a [5 e [T 7 "8 9o [T 10 [T 11 [ 12 I 13

2. How many YEARS of experience would classify Subcontractors Experience as having
AVERAGE Construction Experience?
Please check all applicable boxes.

Mo [T 1 [T 2 I3 [T a4 [5s5 e [T 7 "8 9o [T 10 [T 11 [ 12 I 13

3. How many YEARS of experience would classify Subcontractors Experience as having
GOOD Construction Experience?
Please check all applicable boxes.

o T 1 [T 2 I3 [T a4 [5s5 e [T 7 "8 9o [T 100 [ 11 [ 12 [ 13
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General Contractors Surety Prequalification: CRITERIA QUANTIFICATION

22. CONTRACTOR CASH FLOW

“Cash flow” can be expressed as a measure of a contractor company's financial health. Equals cash receipts minus cash
payments over a given period of time.

Contractor should provide cash flow for the proposed project and all projects on hand.

There are several points can be used for rating the Cash Flow factor, such as;

1. Quality of the provided cash flow.

2. Readability of the cash flow.

3. Ability to handle the anticipated volume of work.

4. Any anticipated shortage of cash.

5. Actions to face shortage of cash.

6. The impact on the balance sheet in terms of liquidity and debt.

1. What would you consider is a POOR Cash Flow?
Please check all applicable boxes.

[T POOR established cash flow, NOT readable cash flow, POOR Ability to handle the anticipated volume of work, HIGH anticipated

shortage of cash, NO Actions to face shortage of cash, and POOR impact on the balance sheet in terms of liquidity and dept

[T AVERAGE established cash flow, AVERAGE readable cash flow, POOR Ability to handle the anticipated volume of work, AVERAGE
anticipated shortage of cash, NO Actions to face shortage of cash, and POOR impact on the balance sheet in terms of liquidity and dept

[T AVERAGE established cash flow, AVERAGE readable cash flow, AVERAGE Ability to handle the anticipated volume of work, AVERAGE

anticipated shortage of cash, SOMEWHAT REASONABLE Actions to face shortage of cash, and AVERAGE impact on the balance sheet in
terms of liquidity and dept

[T GOOD established cash flow, GOOD readable cash flow, GOOD Ability to handle the anticipated volume of work, AVERAGE anticipated

shortage of cash, SOMEWHAT REASONABLE Actions to face shortage of cash, and AVERAGE impact on the balance sheet in terms of
liquidity and dept

|- GOOD established cash flow, GOOD readable cash flow, GOOD Ability to handle the anticipated volume of work, NO anticipated

shortage of cash, , and No negative impact on the balance sheet in terms of liquidity and dept

2. What would you consider is a AVERAGE Cash Flow?
Please check all applicable boxes.

|- POOR established cash flow, NOT readable cash flow, POOR Ability to handle the anticipated volume of work, HIGH anticipated

shortage of cash, NO Actions to face shortage of cash, and POOR impact on the balance sheet in terms of liquidity and dept

[T AVERAGE established cash flow, AVERAGE readable cash flow, POOR Ability to handle the anticipated volume of work, AVERAGE

anticipated shortage of cash, NO Actions to face shortage of cash, and POOR impact on the balance sheet in terms of liquidity and dept

[T AVERAGE established cash flow, AVERAGE readable cash flow, AVERAGE Ability to handle the anticipated volume of work, AVERAGE

anticipated shortage of cash, SOMEWHAT REASONABLE Actions to face shortage of cash, and AVERAGE impact on the balance sheet in
terms of liquidity and dept

[T GOOD established cash flow, GOOD readable cash flow, GOOD Ability to handle the anticipated volume of work, AVERAGE anticipated
shortage of cash, SOMEWHAT REASONABLE Actions to face shortage of cash, and AVERAGE impact on the balance sheet in terms of
liquidity and dept

[T GOOD established cash flow, GOOD readable cash flow, GOOD Ability to handle the anticipated volume of work, NO anticipated

shortage of cash, , and No negative impact on the balance sheet in terms of liquidity and dept
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General Contractors Surety Prequalification: CRITERIA QUANTIFICATION

3. What would you consider is a GOOD Cash Flow?
Please check all applicable boxes.

[T POOR established cash flow, NOT readable cash flow, POOR Ability to handle the anticipated volume of work, HIGH anticipated

shortage of cash, NO Actions to face shortage of cash, and POOR impact on the balance sheet in terms of liquidity and dept

[T AVERAGE established cash flow, AVERAGE readable cash flow, POOR Ability to handle the anticipated volume of work, AVERAGE

anticipated shortage of cash, NO Actions to face shortage of cash, and POOR impact on the balance sheet in terms of liquidity and dept

[T AVERAGE established cash flow, AVERAGE readable cash flow, AVERAGE Ability to handle the anticipated volume of work, AVERAGE

anticipated shortage of cash, SOMEWHAT REASONABLE Actions to face shortage of cash, and AVERAGE impact on the balance sheet in
terms of liquidity and dept

[T GOOD established cash flow, GOOD readable cash flow, GOOD Ability to handle the anticipated volume of work, AVERAGE anticipated

shortage of cash, SOMEWHAT REASONABLE Actions to face shortage of cash, and AVERAGE impact on the balance sheet in terms of
liquidity and dept

[T GOOD established cash flow, GOOD readable cash flow, GOOD Ability to handle the anticipated volume of work, NO anticipated

shortage of cash, , and No negative impact on the balance sheet in terms of liquidity and dept
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General Contractors Surety Prequalification: CRITERIA QUANTIFICATION

27. PAST PROJECTS EXPERIENCE IN SIZE

The number of projects done in the past within the same size

1. How many PROJECTS would classify a general contractor as having LOW Past Projects
in Size Experience?
Please check all applicable boxes.

™ o I - 2 ™ 3 [T 4 [ 5 [T 6 7 I [T o9 I~ 10

2. How many PROJECTS would classify a general contractor as having AVERAGE Past
Projects in Size Experience?
Please check all applicable boxes.

M o [ - 2 ™ 3 [T 4 [ 5 [T 6 7 I [T o9 I~ 10

3. How many PROJECTS would classify a general contractor as having HIGH Past
Projects in Size Experience?
Please check all applicable boxes.
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Appendix | — Sample of the MBF Interpolation Resuls

for the CDPM

Solution No. 1 2 3 4 5 6 7 8 9 10 11 12
a | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00
poor b | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00
¢ | 175 [ 1.00 | 1.75 | 175 | 1.00 | 1.00 | 1.75 | 1.75 | 1.00 | 1.00 | 1.75 [ 1.00
;% d | 3.00 | 3.00 | 300 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 [ 3.00 | 3.00 | 3.00 | 3.00
< a | 1.00 | 1.75 | 1.00 | 1.75 | 1.00 | 1.75 | 1.00 | 1.75 [ 1.00 | 1.75 | 1.75 | 1.00
£ average |_P| 3:00 | 3.00 | 300 | 300 | 3.00 | 3.00 | 3.00 | 3.00 | 300 | 3.00 | 3.00 | 3.00
: c [ 3.00 [ 3.00 | 300 | 300 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00
g d | 500 | 463 | 463 | 500 | 463 | 500 | 4.63 | 5.00 | 463 | 5.00 | 4.63 | 5.00
& a | 3.00 | 3.00 | 300 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00
Good b | 463 | 5.00 | 463 | 463 | 463 | 463 | 500 | 5.00 | 5.00 | 5.00 | 4.63 | 5.00
c | 500 | 5.00 | 500 | 500 | 5.00 | 5.00 | 5.00 | 5.00 | 5.00 | 5.00 | 5.00 | 5.00
d | 5.00 | 5.00 | 500 | 5.00 | 5.00 | 5.00 | 5.00 | 5.00 | 5.00 | 5.00 | 5.00 | 5.00
a | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 [ 0.00 | 0.00 | 0.00 | 0.00
Low b | 0.00 [ 0.00 | 0.00 | 000 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
g c [ 2.00 [ 0.00 | 200 | 2.00 | 2.00 | 0.00 | 0.00 | 2.00 | 2.00 | 2.00 | 0.00 | 2.00
5 2 d | 6.00 | 6.00 | 500 | 6.00 | 6.00 | 6.00 | 6.00 | 5.00 | 5.00 | 500 | 6.00 | 6.00
5 £ a | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00
s £ " b | 450 | 4.50 | 6.00 | 5.00 | 5.00 | 500 | 5.00 | 5.00 [ 5.00 | 4.50 | 4.50 | 6.00
w g c | 725 [ 6.00 | 725 | 600 | 725 | 6.00 | 7.25 | 6.00 | 7.25 | 7.25 | 6.00 | 7.25
5‘;:’ g d |10.00 | 10.00 | 10.00 | 10.00 | 10.00 | 10.00 | 10.00 | 10.00 [ 10.00 | 10.00 | 10.00 | 10.00
<] § a | 6.00 | 7.50 | 675 | 6.00 | 6.00 | 7.50 | 7.50 | 6.75 | 6.75 | 6.75 | 7.50 | 6.00
© High b |10.00| 9.35 | 10.00 | 10.00 | 10.00 | 9.35 | 9.35 | 10.00 | 10.00 | 10.00 | 9.35 | 10.00
c |15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00
d |15.00] 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00
a | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00
poor b | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00
8 c | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00
g d | 400 | 3.22 | 350 | 400 | 400 | 322 | 3.22 | 3.50 | 3.50 | 4.00 | 3.22 | 3.50
g a | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00 | 2.00
£ average |_P| 3:10 | 3.10 | 310 | 310 | 3.10 | 3.10 | 310 | 3.10 | 310 | 3.10 | 310 | 3.10
2 ¢ | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00
e d | 500 | 5.00 | 500 | 500 | 500 | 500 | 500 | 5.00 | 500 | 500 | 5.00 | 5.00
§ a | 3.00 | 3.80 | 3.50 | 3.80 | 3.50 | 3.00 | 3.50 | 3.00 | 3.80 | 3.00 | 3.80 | 3.50
6 cood b | 500 | 5.00 | 500 | 500 | 500 | 500 | 500 | 5.00 | 500 | 500 | 5.00 | 5.00
¢ | 5.00 | 5.00 | 500 | 500 | 500 | 5.00 | 5.00 | 500 | 5.00 | 5.00 | 5.00 | 5.00
d | 500 | 5.00 | 500 | 500 | 500 | 500 | 500 | 5.00 | 5.00 | 500 | 5.00 | 5.00
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Solution No. 1 2 3 4 5 6 7 8 9 10 11 12

a | 0.00 | 0.00 | 0.00 | 000 | 000 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

Low b | 0.00 [ 0.00 | 0.00 [ 0.00 | 000 [ 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 [ 0.00

g c [25.00 [ 25.00 | 26.00 [ 25.00 | 25.00 | 25.00 | 25.00 | 26.00 | 26.00 | 25.00 | 25.00 | 26.00

s d_|45.00 | 37.50 | 41.00 | 45.00 | 45.00 | 37.50 | 37.50 | 41.00 | 41.00 | 45.00 | 37.50 | 41.00

E a_|30.00 [ 30.00 | 30.00 | 30.00 | 30.00 | 30.00 | 30.00 | 30.00 | 30.00 | 30.00 | 30.00 | 30.00

g , b | 37.50 [ 45.00 | 37.50 | 37.50 | 37.50 | 45.00 | 45.00 | 37.50 | 37.50 | 45.00 | 37.50 | 45.00

8 ¢ [71.50 [ 71.50 | 65.00 [ 71.50 | 71.50 | 71.50 | 71.50 | 65.00 | 65.00 | 71.50 | 65.00 | 71.50

£ d | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00

g a | 65.00| 71.50 | 68.20 | 71.50 | 68.20 | 65.00 | 68.20 | 65.00 | 71.50 | 65.00 | 71.50 | 68.20

a High b | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00 | 80.00

c |100.00{100.00( 100.00| 100.00|100.00| 100.00 {100.00/100.00|100.00{100.00| 100.00 | 100.00

d /100.00]/100.00| 100.00 | 100.00 |100.00( 100.00|100.00|100.00|100.00|100.00{ 100.00 | 100.00

a | 0.00 [ 0.00 | 0.00  0.00 | 000 [ 0.00 ] 0.00 [ 0.00 [ 0.00 [ 0.00 | 0.00 [ 0.00

Low b | 0.00 [ 0.00 | 0.00 [ 0.00 | 0.00 | 0.00 [ 0.00 | 0.00 [ 0.00 | 0.00 | 0.00 | 0.00

8 c | 4.00 [ 4.00 | 560 [ 400 | 400 | 400 | 5.60 | 4.00 [ 4.00 | 4.00 | 5.60 | 4.00

g d | 7.00 | 9.75 | 7.00 | 630 | 700 | 9.75 | 7.00 | 6.30 | 7.00 | 9.75 | 7.00 | 630

g a | 400 | 550 | 550 | 475 | 475 | 475 | 4.75 | 5.50 | 4.75 | 4.00 | 5.50 | 5.0

» ; b | 7.00 | 7.00 | 7.00 | 7.00 | 7.00 | 7.00 | 7.00 | 7.00 | 7.00 | 7.00 | 7.00 | 7.00

g c 930 [ 9.30 | 9.00 [ 930 [ 9.00 | 9.00 [ 9.30 | 9.00 [ 930 | 9.30 | 9.30 | 9.00

g d | 12.00 [ 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00

5 2 a | 9.00 | 9.30 | 9.00 | 930 | 9.00 | 9.30 | 9.00 | 9.30 | 9.00 | 9.30 | %9.00 | 9.30

3 @ igh b | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00

T c | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00

“ﬂl d | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00
[}

% a | 1.00 | 1.00 [ 1.00 | 1.00 | 100 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 [ 1.00

e | § poor b | 1.00 [ 1.00 | 1.00 [ 1.00 | 1.00 [ 1.00 | 1.00 | 1.00 [ 1.00 | 1.00 | 1.00 | 1.00

2| & c | 1.85 [ 135 | 190 [ 1.85 | 135 | 1.90 | 1.85 | 1.35 [ 1.90 | 1.85 | 135 | 1.90

a |3 d | 4.00 [ 4.00 | 375 [ 400 | 400 | 375 | 4.00 | 4.00 [ 3.75 | 4.00 | 4.00 [ 3.75

e a | 1.00 [ 1.00 | 1.75 | 185 | 1.85 | 1.85 | 1.85 | 1.85 | 1.85 | 1.00 | 1.75 | 1.00

£ pverage || 3:70 | 4.00 | 400 | 335 | 335 | 335 | 335 | 3.35 | 335 | 4.00 | 4.00 | 3.70

£ c | 4.00 | 4.00 | 400 | 400 | 400 | 400 | 400 | 4.00 [ 400 | 4.00 | 4.00 | 4.00

g d | 500 | 5.00 | 500 | 500 | 500 | 500 | 500 | 5.00 | 500 | 5.00 | 500 | 5.00

@ a | 3.00 | 3.00 | 300 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00

E cood b | 500 [ 3.70 | 5.00 [ 500 | 500 [ 500 | 370 | 3.70 [ 3.70 | 5.00 | 3.70 | 5.00

8 c | 5.00 [ 5.00 | 500 [ 5.00 [ 500 | 500 [ 500 | 500 [ 500 | 500 ] 500 | 5.00

d | 5.00 ] 5.00 ] 500 ] 500 | 500 [ 500 500 | 500] 500 | 500] 500 [ 500

a [ 1.00 [ 1.00 [ 100 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00

vany Gaps |_2_| 1:00 | 1.00 | 1.00 | 100 [ 100 | 1.00 | 1.00 | 1.00 [ 100 | 1.00 | 1.00 | 100

g c [ 1.00 [ 135 | 1.50 [ 1.00 | 1.00 | 1.35 [ 1.35 | 1.50 | 1.50 | 1.00 | 135 | 1.50

8 d | 4.00 | 4.00 | 3.65 | 4.00 | 400 | 4.00 | 4.00 | 3.65 | 3.65 | 4.00 | 4.00 | 3.65

2 a | 1.00 | 1,50 | 1.25 | 150 | 125 | 1.00 | 125 | 1.00 | 150 | 1.00 | 150 | 1.25

@ | somecaps | | 3:20 | 3.10 | 310 | 310 | 310 | 320 | 3.10 | 3.20 | 310 | 3.20 | 3.0 | 3.0

3 c | 4.00 [ 4.00 | 400 [ 400 | 400 | 400 | 4.00 | 4.00 [ 400 | 4.00 | 4.00 | 4.00

£ d | 500 | 5.00 [ 500 [ 500 | 500 [ 500 | 500 [ 5.00 | 500 [ 5.00 | 5.00 [ 5.00

2 a [ 3.00 370 [ 375 | 3.00 | 3.00 | 370 | 3.70 | 3.75 | 3.75 | 3.70 | 3.75 | 3.00

“ NoGaps || 5:00 | 5.00 | 500 [ 500 | 500 [ 500 [ 5.00 | 5.00 | 500 [ 5.00 [ 500 | 500

c | 5.00 ] 500 | 500 [ 500 | 500 | 500 | 500 | 500 500 | 500 | 500 | 5.00

d | 500 | 5.00 | 500 [ 500 | 500 [ 500 500]500] 500 5.00] 500 ] 500
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Solution No. 1 2 3 4 5 6 7 8 9 10 11 12

a | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

Low b | 0.00 [ 0.00 | 0.00 | 0,00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

c | 4.00 | 450 | 525 | 400 | 400 | 400 | 450 | 450 | 450 | 5.25 | 5.25 | 5.25

" d | 7.00 | 8.00 | 6.00 | 7.00 | 700 | 7.00 | 8.00 | 8.00 | 800 | 6.00 | 6.00 | 6.00

£ a | 400 | 520 | 400 | 520 | 400 | 520 | 5.20 | 4.00 | 520 | 5.20 | 400 | 5.20

g N b | 7.00 | 7.00 | 700 | 7.00 | 7.00 | 7.00 | 7.00 | 7.00 | 7.00 | 7.00 | 7.00 | 7.00

& c | 7.00 | 7.00 | 9.00 | 9.00 | 800 | 800 | 9.00 | 8.00 | 8.00 | 9.00 | 800 | 8.00

3 d |12.00 [ 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00

a 7.00 | 9.00 | 800 | 7.00 | 7.00 | 7.00 | 9.00 | 9.00 | 9.00 | 8.00 | 8.00 | 8.00

High b |12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00 | 12.00

c c | 15.00| 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00

.'% d | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00 | 15.00
=

2 a | 1.00 [ 1.00 | 1.00 [ 1.00 | 1.00 [ .00 | 1.00 | 1.00 [ 1.00 | 1.00 | 1.00 | 1.00

2 poor b | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00

s c 1.80 | 1.00 | 140 | 140 | 1.80 | 1.00 | 1.80 | 1.00 | 1.40 | 1.80 | 1.00 | 1.40

] . d | 3.00 | 3.00 | 300 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00

S % a | 1.80 | 1.00 | 140 | 1.40 | 1.80 | 1.00 | 1.00 | 1.80 | 1.40 | 1.80 | 1.00 | 1.40

5 E] Average b | 3.00 [ 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00

g & c | 3.00 | 3.00 | 300 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00

< 3 d | 500 | 5.00 | 500 | 5.00 | 500 | 500 | 5.00 | 5.00 [ 5.00 | 500 | 5.00 | 5.00

§ a 3.00 | 3.25 | 3.00 | 325 | 3.25 | 3.00 | 3.00 | 3.25 | 3.25 | 3.00 | 3.25 | 3.25

Ea Good b | 500 | 5.00 | 500 | 5.00 | 5.00 | 500 [ 5.00 | 5.00 | 5.00 | 5.00 | 5.00 | 5.00

w c 5.00 | 5.00 | 5.00 | 500 | 5.00 | 500 | 5.00 | 5.00 | 5.00 | 5.00 | 5.00 | s.00

g d 5.00 | 5.00 | 5.00 | 500 | 5.00 | 500 | 5.00 | 5.00 | 5.00 | 5.00 | 5.00 | 5.00

g a | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00

poor b | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00

" c | 1.85 | 1.00 | 1.78 | 2.00 | 2.00 | 200 | 1.85 | 1.85 | 1.00 | 1.00 | 1.78 | 1.78

£ d | 3.20 | 3.35 | 400 | 350 | 3.50 | 3.50 | 3.20 | 3.20 | 3.35 | 3.35 | 400 | 4.00

3 a | 1,00 | 1.85 | 140 | 1.00 | 1.85 | 1.40 | 1.00 | 1.00 | 1.85 | 1.85 | 1.40 | 1.40

S Average b | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00 | 3.00

5 c | 4.00 | 4.00 | 400 | 400 | 400 | 400 | 400 | 4.00 | 400 | 4.00 | 400 | 4.00

S d | 500 | 500 | 500 | 500 | 500 | 500 | 500 | 5.00 | 500 | 5.00 | 500 | 5.00

% a | 3.00 | 3.85 | 342 | 3.00 | 3.85 | 342 | 342 | 3.85 | 3.00 | 3.42 | 3.00 | 3.85

cood b | 500 | 500 | 500 | 500 | 500 | 500 | 500 | 5.00 | 500 | 5.00 | 500 | 5.00

¢ | 5.00 | 5.00 | 500 | 500 | 500 | 500 | 500 | 5.00 | 500 | 5.00 | 5.00 | 5.00

d | 500 | 500 | 500 | 500 | 500 | 500 | 500 | 5.00 | 500 | 5.00 | 5.00 | 5.00
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Appendix J — Sample of CDPM Developed Rule Base

Rule Block "AE_RB"

IF [THEN
IAE_Experience AE_Reputation AE_Liability Ins DdSE AEvaluation
NA NA NA 1.00 [NA

NA NA Poor 1.00| Poor
NA NA Average 1.00{ Average
NA NA Good 1.00| Good
NA Poor NA 1.00 |Poor

NA Poor Poor 1.00 Poor
NA Poor Average 1.00 Poor
NA Poor Good 1.00 Average
NA Average NA 1.00 |Average
NA Average Poor 1.00 Poor
NA Average Average 1.00 Poor
NA Average Good 1.00 Average
NA Good NA 1.00 | Good
NA Good Poor 1.00 Poor
NA Good Average 1.0Q Poor
NA Good Good 1.00 Average
Low NA NA 1.00 | Poor
Low NA Poor 1.00| Poor
Low NA Average 1.00| Poor
Low NA Good 1.00| Average
Low Poor NA 1.00 |Poor
Low Poor Poor 1.00 Poor
Low Poor Average 1.00 Poor
Low Poor Good 1.00 Average
Low Average NA 1.00 | Poor
Low Average Poor 1.00 Poor
Low Average Average 1.00 Average
Low Average Good 1.00 Average
Low Good NA 1.00 | Average
Low Good Poor 1.00 Average
Low Good Average 1.00 Average
Low Good Good 1.00 Average
[Medium NA NA 1.00 [Average
[Medium NA Poor 1.00| Poor
[Medium NA Average 1.00| Average
[Medium NA Good 1.00] Average
[Medium Poor NA 1.00 | Poor
[Medium Poor Poor 1.00 Poor
[Medium Poor Average 1.00 Average
[Medium Poor Good 1.00 Average
[Medium Average NA 1.00 | Average
[Medium Average Poor 1.00 Average
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[IF THEN

[Medium Average Average 1.00 Average
[Medium Average Good 1.00 Good
[Medium Good NA 1.00 |Average
[Medium Good Poor 1.00 Average
[Medium Good Average 1.00 Average
IMedium Good Good 1.00 Good
High NA NA 1.00 | Good
High NA Poor 1.00| Average
High NA Average 1.00| Good
High NA Good 1.00| Good
High Poor NA 1.00 | Average
High Poor Poor 1.00 Average
High Poor Average 1.00 Average
High Poor Good 1.00 Good
High Average NA 1.00 |Average
High Average Poor 1.00 Average
High Average Average 1.00 Good
High Average Good 1.00 Good
High Good NA 1.00 | Good
High Good Poor 1.00 Average
High Good Average 1.00 Good
High Good Good 1.00 Good

Rule Block "Aspects_RB"

IF THEN
[Team_Evaluation Project_Specific DaS Project_ Aspect
NA NA 1.00 [NA

NA Poor 1.00| Unacceptable
NA Average 1.00| Acceptable
NA Good 1.00| Good
Unqualified NA 1.00 [Unacceptable
Unqualified Poor 1.00 Unacceptable
Unqualified Average 1.00 Unacceptable
Unqualified Good 1.00| Acceptable
Qualified NA 1.00 | Acceptable
Qualified Poor 1.00] Unacceptable
Qualified Average 1.00 Acceptable
Qualified Good 1.00] Good

\Very Qualified NA 1.00 |Good

\Very Qualified Poor 1.00 Acceptable
\Very Qualified Average 1.00 Good

\Very Qualified Good 1.00 Good
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Rule Block "Contractor_RB"

IF THEN

Last Financ_Eval Current_Evaluati DaS Contractoal&v
NA NA 1.00 [NA

NA Poor 1.00| Unqualified
NA Average 1.00| Qualified

NA Good 1.00| Very Qualified
Poor NA 1.00 | Unqualified
Poor Poor 1.000 Unqualified
Poor Average 1.00 Unqualified
Poor Good 1.00| Qualified
Average NA 1.00 | Qualified
Average Poor 1.0 Unqualified
Average Average 1.00 Qualified
Average Good 1.0 Very_Qualified
Good NA 1.00 [Very Qualified
Good Poor 1.00| Qualified
Good Average 1.0 Very_Qualified
Good Good 1.000 Very Qualified
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Appendix K — Sample of the Final Trained MBFs, Rule
Bases, and FESs Descriptions

Description

Project Aspects Evaluation

Input Variables

40

Output Variables

14

Intermediate Variables

Rule Blocks

21

Rules

1760

[Membership Functions

244

Project Aspects Evaluation Statistics
Part of the System Structure

Cwner_Type

1er_Frudg_ah

08 _Eipe kace

08_Repratn

owier_RE

e r_Ty=

owner_Bualnation

AT RAED

Bonck_val S

Sl_Eipe Tk ace

SiCont BB

Chwne 1_Evalvatic

SalCont Eual

Bondls_val_si

Project Aspects Evaluation

Tem_aallamlﬁ

Structure of the Fuzzy Logic System (Project Aspé&ntaluation)

325

=l Epe rk s SibCont Bual Tean B
W Soope G pe e G SWColLB@l  Tean_Euahation
= AE_Bvaliation
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EF AE Eqmrkiz
4B Fepratn ] ] oo e AEEAIN
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Sample of the Project Aspects Evaluation Variables

Inputs
#  |Variable Name | TypJnit Min Max Default | Term Names
1 |AE_Experience [% % [Number_of |1 15 -1 NA
Years Low
Medium
High
3 |AE_Reputation [% ‘ |Rating 0 5 0 NA
Poor
Average
Good
4 Bonds_Val_Sub|[% % |Percent -1 100 -1 NA
Low
Medium
High
Fuzzification Methods
2L compute MBF W Look up MBF
Categorical Variable N\ Display
Bal Fuzzy input
Outputs
i Variable Name | TypgJnit Min Max Default | Term Names
41 |AE_Evaluation |2l [Rating 0 5 0 NA
Poor
Average
Good
42 |Contractor_Evall"Zif [Rating 0 5 0 NA
Unqualified
Qualified
Very Qualified
Intermediates
#  |Variable Name | TypeJnit Min Max Default | Term Names
55 |Cost_1 - - - - NA
low
medium
high
56 |Cost_2 - - - - NA
low
medium
high
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Sample of the Trained Project Aspects Evaluation MBs

Input Variable "Project_Duration”

&,

Low

I edium

High

1.0
08
0.6
04
02

0.0

Input Variable "Ratio_To_larg_Pr"

MA,

Low

a0

45

Mao_of_Maonths

Mediumn

G0

High

1.0

0.8
06
04
0.2

0.0

25

50

Percent

73

Sample of the Trained Project Aspects Evaluation Res

Rule Block "AE_RB"

100

IF THEN
IAE_Experience AE_Reputation AE_Liability Ins DgS AEvaluation
NA NA NA 0.90 [NA

NA NA Poor 1.00| Poor
NA NA Average 1.00{ Average
NA NA Good 1.00| Good
NA Poor NA 1.00 | Poor
NA Poor Poor 1.00 Poor
NA Poor Average 0.8Q0 Poor
NA Poor Good 1.000 Average
NA Average NA 1.00 |Average
NA Average Poor 1.00 Poor
NA Average Average 1.00 Poor
NA Average Good 1.0Q Average
NA Good NA 1.00 |Good
NA Good Poor 0.700 Poor
NA Good Average 1.0Q Poor
NA Good Good 1.00 Average
Low NA NA 1.00 | Poor
Low NA Poor 1.00| Poor
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Contractual Risk Evaluation

Description
Input Variables 43
Output Variables 12
Intermediate Variables 11
Rule Blocks 23
Rules 1097
[IMembership Functions 237

Contractual Risk Evaluation Statistics

Part of the System Structure

Contractual Risk Evaluation

Contiact_Clausss_AB 1

Carit_word_Type_FB Co_word. 2
i g Farm_Wordi =
oy = Form_Wording Cont_word_Type
AK Contract_Type [ Winiar ]
AE_Flale Payment_RE1
X X Materials_P. AE_Role Payment_1
= Materia\s}‘aymen’W
Payment_AB4 Paymert_Cl. Wﬁ
Fayment_ABZ E—
[ Poynert P | Pagment_Process  Payment_2————] Payment_2 Payment Clauees
[} Biling Req [ Eiling_Requirem [ | Payment 3 e |

Payment_Clauses Pay_warr_inde...

Indlsmnity_Clause | oy |

Holdback_... Payment_RE3 ‘wlarranty_Clauses
gé Holdback_ Holdback_Amount Papment_3
Holdback_Releasi I:M\NMEK
“wiarranty_P... ‘Warranty_REB \/arrarty_LC... En;!
Perfarmant. ‘Warranty_Periods
!
Performance.W... Wananly_Clauses
Marnufactur.. [~ b antacture_w...
Defiritior,_.. || Defintion_Defec [ iz |
T Megligence Indemnity_RE [indemriv_.. L)
v Negligence
[ tndemniy L~ iy Lt Inenoty_ Ciuse
Liability_Cap~ Liability_Cap
Acts_Omiss... Ext_Price_RE1
= Ewl_Price_RE3 Extens_Pric...
S0 Stop_Ouder, .| ActeOmiss Exten ooy £pong [Erers P T
Stop_Orders_Exte - Schedule_Extensi Extens_Price_adj
[% Y Delays Fve Delays_Events... [ Minan | F‘riceﬁAdiuslment'W

Contractual_Risk_RE

Cort_Word_Type Contractual_Risk

Contract_Clauses [ Hinda |

Structure of the Fuzzy Logic System (ContractuakR&valuation)

Sample of the Contractual Risk Evaluation Variables

Inputs
i Variable Name | TypgJnit Min Max Default | Term Names
1 [Acts_Omiss_Ext[* " |Crisp_Valuefl 3 1 NA
n No
Yes
2 |Acts_Omiss_Pri(* % |Crisp_Valuei 3 1 NA
e No
Yes
3  |AE_Errors %% |Crisp_Valued 3 1 NA
Yes
No

Variables of Group "Inputs"
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Outputs

#  |Variable Name | TypeJnit Min Max Default | Term Names
44 |Bonding_Securit" 20k [Rating 0 5 0 NA
Poor
Average
Good
46 |Contract_Clausd 20k [Rating 0 5 0 NA
Poor
Average
Good
Intermediates
#  |Variable Name | TypeJnit Min Max Default | Term Names
56 |Bid_Bond - - - - NA
low
medium
high
57 |Consent_of Surgt - - - - NA
low
medium
high
Sample of the Trained Contractual Risk Evaluation MBFs
Input Variable "Bid_Bond_Period"
M, L b ediunn High
1.0
0s
0E
0.4
0z
0o
a0 E0 a0 120
Mo_of_days
Input Variable "Bid_Bond_Value"
High

ne
0E
0.4
02

0o

Ma Low  Medium
1.0

25

50

Percent
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Sample of the Trained Contractual Risk Evaluation Rile Blocks

Rule Block "Bonding_Security_ RB1"

IF [THEN
Bid_Bond_Type Bid_Bond_Value Bid_Bond_Period DoSd Bond
Owner_Wording NA NA 1.00 |low
Owner_Wording NA Low 1.00 [ medium
Owner_Wording NA Medium 1.00| medium
Owner_Wording NA High 1.00 | low
Owner_Wording Low NA 1.00 | medium
Owner_Wording Low Low 0.80 high
Owner_Wording Low Medium 0.90 medium
Owner_Wording Low High 0.80 medium
Owner_Wording Medium NA 1.00 | medium
Owner_Wording Medium Low 1.00 medium
Owner_Wording Medium Medium 0.20 medium
Owner_Wording Medium High 0.10 low
Owner_Wording High NA 1.00 |low
Owner_Wording High Low 1.00 medium
Owner_Wording High Medium 0.40 low
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Contractor’s Organizational Practices

Description
Input Variables 37
Output Variables 12
Intermediate Variables ul
Rule Blocks 16
Rules 1827
[Membership Functions 202

Contractor’s Organizational Practices Statistics

Part of the System Structure
m Intearat_tdanag_RE Integrat_Ma... |

Integrat_Manag

ton_Contr_Cloze ,W

Fleq Scope... Scope_Managt_RE
! Construct_Princ
Construct_Coord IW
- ToF
Administrata... Time_Management_RE Time_Mana... 'a
g g T_Manag_... Adrminigtrator_Ew« .
T Mansq_Pioc Time_ anagem.
B T_Manag_Docum,W
ok,
Wi Cost_Mana Cost_tManagement_RE Cost_Mana.. ‘&
Cost_Manag R...
ﬂ Cost_Mana. f—_| Cost_Marag_Pr Cost_Managemn
ﬂ Cost_Mana. [—] Cost_Manag_D... [ MindMas |
" Tof,
Guality_Ma... Guality_tManagement_RE Quality_ha a
Quality_Ma... Quality_Manag_pl ’
Quality_Manag...  GQuality_Manag...
ﬂ Qual Mana.. - Qual_Manager Ex
[0 Qual Mana, | YualManag D... Mindtan
H_Resoure.. &
Develop_H.. . IH_I::;so::ce_Manag_HB |_|
- evelop_HR_PL.
1% Bcquie D_. Acquie D_PT.. H_Resource M.
Manage_Pr... Manage_Prol_ T tdindh ax

Req_Scope_Def Scope_Manage...

Contractor's Organizational Practices

Contr_Org_Pract_RB1

Integrat_Manag  Integration_Scop

Scope_Manage... ,W

Contr_Org_Pract_RE2

Time_tanagem...

Cost Managem Time_Cost_Qualit

Quality_Manag.. IW

Contr_Org_Pract_RB5S

Integration_Scop

HFA_Carnunc_Ri...
Salety_Change

Time_Cost_Qualit  Conti_Org_Pract

P 2

Structure of the Fuzzy Logic System (Contractortgdizational Practices)

Sample of the Contractor’'s Organizational Practices/ariables

Contr_Org_... 28

Inputs
#  |Variable Name | TypJnit Min Max Default | Term Names
1  |Acquire_D_P_T{* |Rating 0 5 0 NA
am Poor
Average
Good
2 |Administrator_Ey* % [Number_of |-1 20 -1 NA
Years Low
Medium
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i Variable Name | TypgJnit Min Max Default | Term Names
High
3 |Change_Manag|™ % |Rating 0 5 0 NA
Doc Poor
Average
Good
Outputs
#  |Variable Name | TypeJnit Min Max Default | Term Names
38 |Change_Managq"sik Rating 0 5 0 NA
men Poor
Average
Good
39 |Communicationg"zLk Rating 0 5 0 NA
M Poor
Average
Good
40  [Contr_Org_Prac|Zik [Rating 0 5 0 NA
Unacceptable
Acceptable
Good
Intermediates
i Variable Name | TypgJnit Min Max Default | Term Names
50 [HR_Comunc_Ris - - - - NA
k P low
medium
high
51 |Integration_Scoj - - - - NA
low
medium
high

Sample of the Trained Contractor’'s Organizational Ractices MBFs

Input Variable "Administrator_Ex"

T, Low

b ediurm

High

1.0
ne
0e
0.4
0.z

oo

g

Mumber_of_ears
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Input Variable "Cost_Manag_Proce"

M2,

Foor Average

Good

1.0
ne
0e
0.4
0.z

oo
1]

18 2h
Riating

315

Sample of the Trained Contractor’s Organizational Pactices Rule Blocks

Rule Block "Communications_M_RB"

IF THEN
Communic_Mang_Pr Communication_Ro Communica_Mng_D{DoS |Communications M
NA NA NA 0.90 [NA
NA NA Poor 1.00| Poor
NA No Poor 0.60| Poor
NA No Average 1.00| Average
NA Yes Average 1.00 Average
NA Yes Good 1.00] Good
Poor NA NA 0.90 | Poor
Poor NA Poor 1.00| Poor
Poor Yes NA 1.00 |Average
Poor Yes Poor 1.00 Poor
Poor Yes Average 0.90 Poor
Poor Yes Good 1.00 Average
lAverage NA NA 0.90 | Average
lAverage NA Poor 1.00| Average
lAverage No Poor 1.00| Poor
Average No Average 1.00| Average
lAverage No Good 0.80| Average
Average Yes NA 1.00 | Good
Average Yes Poor 1.00 Average
Overall Contractor Default prediction FES

Description

Input Variables 3

Output Variables 1

Intermediate Variables 0

Rule Blocks 1

Rules 64

[Membership Functions 18

Overall Contractor Default prediction FES Statistic
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System Structure

g é corractal

e ralnalmca_RE
Bppect -
coviacal Swralialica
Pract e

Structure of the Fuzzy Logic System (Overall CocttvaDefault prediction)

Sample of the Overall Contractor Default predictionVariables

Inputs

Default |Term Names

Typ&Jnit

Min

Max

i
1

Variable Name
Aspects

%% |Rating

0

0 NA
Unacceptable
Acceptable
Good

Output

Variable Name

TypéJnit

Min

Max

Default |Term Names
0 NA

OverallQualifica |"Z2jfk [Units

0

NotQualifiec
SWqualified
Qualified
\VeryQualified
ExtremelyQualifi
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Sample of the Trained Overall Contractor Default prediction MBFs

Input Variable "Contractual"

M2,

Unacceptable

Arcceptable

Good

1.0
08
0.6
04
02

0.0

Output Variable "OverallQualifica"

MNA,

MHotQualified S qualified

S5

Fiating

Qualified

WerQualfied  EstremelyCualii

1.0
0.8
06
04
0.2

0.0

3h
Units

Sample of the Trained Overall Contractor Default prediction Rules

IF [THEN
Project_Aspects Contractual_Risk Contr_Org_Pract S DOverallQualifica
NA NA NA 0.90 [NA

NA NA Unacceptable 1.00NotQualifiec
NA NA Acceptable 1.00[ Qualified

NA NA Good 1.00| VeryQualified
NA Unacceptable NA 1.00 |NotQualifiec
NA Unacceptable Unacceptable 1.00otQualifiec
NA Unacceptable Acceptable 0.20 SWqualified
NA Unacceptable Good 1.00 SWqualified
NA Acceptable NA 1.00 | VeryQualified
NA Acceptable Unacceptable 1.00 SWaqualified
NA Acceptable Acceptable 1.0D VeryQualified
NA Acceptable Good 0.30 VeryQualified
NA Good NA 1.00 | Qualified
Acceptable Unacceptable Acceptable 0[70 Qualified
Acceptable Unacceptable Good 1.00 Qualified
IAcceptable Acceptable NA 1.00 | ExtremelyQualifi
Acceptable Acceptable Unacceptable 1)00 Qualified
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