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Abstract of Praxis

Predicting Modular Efficiency in Oil and Gas Capital Projects
Using Multi-Criteria Decision Analysis

The popularity of modularization as a strategy for capital projects in the engineering
procurement and construction (EPC) industry is on the rise. Industry research has
asserted that reducing the construction activities on the construction site reduces the
overall project schedule and cost, thereby making modularization more cost and schedule
efficient than nonmodular approaches. However, current literature is divided on the cost-
and schedule-reducing effects of modular construction strategies. Primarily, this Praxis
examines the efficiency and percentage differences between costs and schedules of
Modular and Nonmodular approaches using multicriteria decision analysis (MCDA)
methods. Then, the Praxis presents a predictive efficiency model to improve the benefits
of using a modular strategy. The model is built from domain expert knowledge on
modular critical success factors using Evidential Reasoning (ER). Critical success factors
for modularity are identified and divided into four domains: Engineering, Supply Chain
and Logistics, Modular Contractors, and Owner’s Involvement. The model aims to aid
project stakeholders to better understand and manage the trade-offs between four
influential project management domains, thereby enhancing the planning stages of
modular projects. Sensitivity analysis techniques were used to identify the points where
outcome probabilities are subject to change given different criteria. Finally, the research
methodology was validated using a confusion matrix and ROC methods. Results

indicated the model improved the prediction ability of modular projects by at least 10%.
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Chapter 1: Introduction

1.1 Background

Modularization is a recent technique used within many industries where
companies construct facilities and equipment at offsite fabrication yards (Mancini et al.,
2016). Many benefits have been reported through modularization, especially in the oil
and gas (O&G) industry (Bondi et al., 2016). Before modularization processes, O&G
facilities built larger facilities to keep up with demand; however, this often led to project
mismanagement, schedule delays, and cost overruns (Micheli et al., 2019). O&G
companies were able to justify building larger facilities because crude oil prices were at
or above $100 per barrel (Khan, 2017).

The main reason for the push towards modularization is that traditional
construction techniques are time-consuming and require a vast amount of skilled field
labor. Additionally, considerable safety concerns are involved with the quantity of labor
required for conventional projects (Azhar et al., 2013). Rising costs and project delays are
significant barriers to conventional construction strategies. Other factors such as
organizational preparedness, site conditions, transportation conditions, skilled labor
availability, sustainability requirements, government and state codes and standards,
project schedules and budgets, and design complexity pushed the industry to search for
alternatives (Salama et al., 2018).

These barriers to conventional construction techniques have made the modular
benefits more attractive within the O&G industry. O’Connor et al. (2016) highlighted a
decrease in the amount of time working within the execution phase of a project as a

modular benefit. The authors reported that modularization aids in the reduction of onsite



activities. Lawson and Ogden (2010) listed reduced disruption during construction,
higher productivity levels, fewer transportation requirements and movements, a decrease
in waste, an increase in sustainability products, and higher rates of thermal performance
as additional modular benefits.

Like conventional construction techniques, there are barriers to modularization.
Roy (2017) identified transportation issues, upfront engineering, and labor availability as
barriers. Roy reported that O&G companies could experience increased costs with
transporting equipment to off-site yards when it comes to transportation issues. Some
projects require a lot of upfront engineering and planning to build specialized equipment.
These can increase costs and schedule durations while creating communication,
coordination, and project-management barriers among the multiple parties participating
in the project.

Regardless of the different barriers that can occur during the process,
modularization remains popular among project teams. Marton and Schroth (2015)
reported that in 2014, 57% of O&G companies within the United States used a modular
approach when working on projects that contained a budget of $15,000,000 or more. The
authors cautioned that before fully embracing modularization, O&G companies must
weigh both advantages and disadvantages. Therefore, this Praxis aims to show how
stakeholders can better predict their profitability when using a modular strategy within
the O&G industry.

1.2 Research Motivation
This research is vital for the oil and gas (O&G) industry because the chief purpose

of project execution is to develop and produce the expected deliverables that were agreed



upon during the planning stages of project development. The project’s agreed-upon
deliverables must be delivered on time and within budget while fulfilling customers’
requirements (Iyer & Banerjee, 2016). Prior to modularization, O&G companies followed
a more traditional or nonmodular approach where they built larger facilities to keep up
with demand. Research has highlighted that this approach tended to demonstrate project
mismanagement, schedule delays, and costs overruns (Micheli et al., 2019). However,
with high crude prices, these issues, while problematic, were often economically
justifiable (Khan, 2017).

Per market research done by IBISWorld, a leading global industry research
provider, the O&G drilling sector’s total revenue was approximately $3.3 trillion in 2019.
Given that the global GDP was $142 trillion in 2019 (Plecher, 2020), the O&G drilling
sector made up approximately 2.3% of the global economy in 2019. Recent research
suggests Non-Modular approaches can be more cost-effective in the front-end phases of
project development (Marton & Schroth, 2015). However, other studies promote
modularization to decrease project delivery times and costs while providing increased
access to unconventional locations (Bondi et al., 2016). This paradox warrants further
research.

1.3 Problem Statement

Modular construction strategies used in the engineering procurement and
construction (EPC) industry are expected to achieve an estimated 50% schedule and
20% cost reduction; however, the unsystematic application of these strategies yields
unpredictable results, which add great risk to a project and can complicate project

lifecycle decisions.



Since the big push for modular construction techniques in the 1980s (Tatum,
1987), the EPC industry has consistently been unable to predict where and when modular
strategies succeed. A study conducted by McKinsey & Company in 2015 estimated that
98% of megaprojects (over $1,000,000,000) suffer cost overruns greater than 30%, and
77% are at least 40% late. The average cost increase is 80% of the original value,
approximately $800,000,000 for a billion-dollar project, and the average delay is 20
months behind the original schedule. The inability to predict where modular strategies
will succeed threatens to remove a potentially useful construction method from an
industry with tight cost and schedule margins.

Despite research highlighting the benefits of modularization to both costs and
schedules of O&G projects, there is conflicting literature on how O&G companies
experience modularization. Some research asserts that reducing the number of onsite
construction activities reduces the project’s overall schedule and costs. In contrast, other
research asserts that adding modules to a project increases the engineering lifecycle,
thereby increasing the project’s costs and schedule (Lopez & Froese, 2016). Lawson et al.
(2014) claimed that modularized projects should expect a 20% reduction in total costs
and a 50% reduction in scheduled time. However, this assumption fails to account for
factors like engineering, procurement, contractors, and weather, which still affect the
productivity of modularized projects. Although these findings seem to be in conflict, they
most likely reveal that a modular strategy’s success likely relies on several key factors

that must be considered before the strategy is selected.



1.4 Thesis Statement
By effectively considering key project factors using an efficiency reasoning
model, it becomes possible to better predict the effects of modularity on EPC project
lifecycle costs.
1.5 Research Objectives
The main objectives of this research are as follows:
1. To determine if there is a difference in total project costs and durations
between modular and nonmodular O&G projects.
2. To discover the factors determining where modularization in the O&G
industry can decrease construction projects’ costs and schedules.
3. To demonstrate how stakeholders can maximize the benefits of following a
modular strategy within the O&G industry.
4. To determine if a predictive efficiency tool can improve modular cost

estimations to within 10% of the actual costs.

1.6 Research Questions and Hypotheses
RQ1: Does modularization in the O&G industry consistently decrease the costs of
construction projects?
RQ2: Does modularization in the O&G industry consistently decrease the
duration of construction projects?
RQ3: Can a tool be developed to improve the prediction efficiency of

modularized EPC Projects?



H1: Modularization in the O&G industry does not consistently decrease the costs
of construction projects by at least 20% compared to Nonmodular projects

H2: Modularization in the oil and gas industry does not consistently decrease the
duration of construction projects by at least 50% compared to Nonmodular projects.

H3: A predictive efficiency model can improve the cost prediction of modular
projects to within 10% of the actual cost.

1.7 Scope of Research

The research scope is restricted by the limited availability of information that can
be used for data analysis. O&G companies that provide data to private citizens are
nonexistent. Consequently, this study only represents two O&G companies located in the
Gulf Coast of the United States. This research focused on modular and nonmodular
projects, analyzing the differences in their costs and schedules. The researcher examined
the cost and schedule of individual projects and performed an overall project-efficiency
comparison. When examining cost efficiency, the researcher was limited in scope to
predictor variables available in the dataset; these include engineering costs, material
costs, and construction costs. When examining schedule efficiency, the researcher
focused on predictor variables available in the dataset; these variables include project
definition, engineering, procurement, and construction durations.

1.8 Research Limitations

Since modularization is used within various industries, there are different

terminologies for modularization not used in the O&G industry that are not accounted for

within this Praxis. For example, some industries could be following a modular strategy



but may identify the processes under a different name. Therefore, this Praxis is limited
only to O&G construction projects.

The researcher collected data from two companies in the Gulf States region of the
United States—predominately Texas and Louisiana. The results may not be generalizable
to other populations (companies) or geographical regions; however, the researcher
structured the study to allow for repeatability in other populations, industries, and
geographical areas.

This research does not solely indicate that modular construction is the only factor
that could affect construction costs and project durations; therefore, other factors could
come into play that could affect the variables studied in this research. Due to this
limitation, the model selected for this Praxis accounts for uncertainties in the calculations.

1.9 Organization of Praxis

This Praxis follows a traditional five-chapter format. Chapter 1 introduces the
study by highlighting the background of the problem, problem and thesis statements, and
the research questions. Chapter 1 concludes with identifying this study’s objectives and a
discussion on the research scope and limitations placed on it. Chapter 2 provides a
detailed overview of the literature that supports the viability of this study. Chapter 3
discusses the study’s methodology, which includes why the researcher selected a
quantitative design. Chapter 4 provides an overview of the study’s findings and results.
Chapter 5 concludes the Praxis by summarizing the study, discussing how this study was
significant to the body of knowledge and provides recommendations for future and

further research.



Chapter 2: Literature Review

2.1 Introduction

One of the goals of this literature review is to provide literature assessments on
the benefits of modular construction strategies over nonmodular strategies and understand
causes for the O&G industry’s shift toward modular strategies. Additionally, this review
will provide an understanding on the critical success factors (CSFs) to implement a
modular strategy and review multi-criteria decision method used for model creation in the
O&G industries. Because this Praxis is focused on the O&G industry, most of the
literature is focused on this industry. However, due to the popularity of modularization,
sources in other industries were also used to provide a more holistic view of
modularization.

Materials for this review were sourced from major engineering, construction, and
academic journal databases, including IEEE Xplore, Google Scholar, Web of Science,
and Microsoft Academic. Most of the materials used were published within the last 10
years.

This review is divided into nine sections. The first section is the introduction.
Section 2 reviews modular versus nonmodular strategies and the reasons for the push
toward modular strategies. Section 3 reviews modular construction strategies’
progression. The fourth section reviews the factors for implementing successful modular
projects, the concept of primary CSFs, and why they are grouped. Section 5 decomposes
the primary critical factors into sub-elements. Section 6 reviews the available multi-
criteria decision analysis (MCDA) methods for this type of problem. Section 7 reviews

the current existing MCDA models in the O&G industry. Section 8 discusses the



sensitivity analysis (SA) for the selected model. Section 9 provides a conclusion and
shows how this research discusses the gaps in the literature and its contributions to the
body of knowledge.

In today’s business environment, modularization is used in many different
industries and has different names in each industry (Dorbecker & Bohmann, 2013). Table
1 presents the current common terminologies used throughout the literature.

Table 1

Modular Industry Terminology

Abbreviations Meaning Industry
MIC Modular Integrated Asia for commercial
Construction buildings
IBS Industrial Building Systems Commercial buildings
MOSA Modular Open Systems Department of Defense
Approach
PPMOF Prefabrication, Preassembly, Oil and Gas
Modularization, and Offsite
Fabrication
MPD Modular Product Design Semiconductor Industry

2.2 Modular vs. Nonmodular
Modular construction techniques are defined as techniques where companies and
organizations construct facilities and equipment at offsite fabrication yards (Mancini et
al., 2016). Prior to the introduction of modular construction, O&G companies would
follow a more traditional or nonmodular approach where they would build larger
facilities to keep up with demand (Micheli et al., 2019). However, research has
highlighted that this approach tended to demonstrate project mismanagement, schedule

delays, and overruns of costs, creating a need for alternate construction methods (Micheli



et al., 2019). This section of the literature review provides an overview of modular versus
nonmodular construction techniques and the benefits and drawbacks of each method.

Roy (2017) purported that modular projects can offer a range of advantages,
including safer working conditions, rapid construction, and high-quality end products.
However, Lu and Korman (2010) argued that modular projects frequently are not
executed correctly and efficiently, causing project managers to experience multiple
setbacks. Therefore, due to the hodgepodge of results of studies that contradict each other
on the efficiency of modular versus nonmodular projects, both Khan (2015) and Lopez
and Froese (2016) reported that project scheduling of modular construction must consider
many variables, including the amount of time involved in factory production,
transportation, and installation processes of units with limited resources.

Lu and Korman (2010) reported that modular construction project scheduling
techniques are usually incapable of simultaneously dealing with project processes and
onsite installation sequences. These techniques can trigger inappropriate project
management guidelines that influence overall project duration timelines (Kamali &
Hewage, 2016; Lopez & Froese, 2016; Lu & Korman, 2010). Consequently, Wuni and
Shen (2019b) have purported that it is crucial to study CSFs regarding modular
construction. Wuni and Shen (2019b) cited that it is imperative to continue research
among CSFs, as they can differ from industry to industry, thereby guiding, directing, and
improving modular projects' successful implementation.

A study by Marton and Schroth (2015) concluded that nonmodular projects
appeared to have minimal differences in schedule duration and were considered more

cost-effective. The results of Marton and Schroth’s study highlighted the importance of
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0&G companies in examining the type and scope of projects and the advantages and
disadvantages of modularization before beginning the process.

An example of the importance of weighing the advantages and disadvantages of
using a modular approach was highlighted in Marton and Schroth’s (2015) study, where
they focused on the effectiveness of modular construction strategies within the O&G
industry. Their study concluded that modular approaches decreased construction hours in
the field, which is beneficial to projects where site congestion and labor unavailability
can occur. On the other hand, the study also concluded that modularization did not
necessarily achieve the benefits associated with it, such as reduced costs, shorter
construction schedules, and improved project safety.

Modular integrated construction (MiC) is a revolutionary construction approach
(Whuni et al., 2020). According to a rising number of studies, MiC can improve
construction project performances (Wuni et al., 2020); however, success is only for those
who can meet specific requirements and achieve a sense of readiness, which is not always
the case (Wong et al., 2018; Wuni et al., 2020). Given all these issues, studies have found
that MiC projects results in mixed outcomes. In essence, numerous construction firms
that have tried modular construction ran into problems and failed (Wong et al., 2018).
Due to the hodgepodge of results found throughout many industries, scholars often argue
about the best approach to take when completing construction projects (Marton &
Schroth, 2015; O’Connor et al., 2016; Smith, 2016; Wuni & Shen, 2019b).

Therefore, it is important to review the benefits and barriers of modularization

and nonmodular projects and success factors for implementing modular strategies. This
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disagreement in the literature also highlighted the importance of understanding the reason
for the industry’s move toward modular construction (Lu & Korman, 2010).
2.3 Modular Progression

The decision to modularize petrochemical facilities depends on many aspects of
the task, company, and environment (Lee & Hyun, 2019). Lee and Hyun (2019) found
that scheduling can affect decisions as to whether companies should use modularization
or not. Lee and Hyun found that some local labor conditions were conducive for
modularization, while others found the requirements to be prohibitive. Dawar et al.
(2014) argued that the facility’s constructability is a prime concern as well; therefore, the
decision would also depend on the facility's geographical location. Regardless of what
factors affect the decision to use modularization (Dawar et al., 2014), the project’s type
and intensity must be agreed upon early in the project. The decision would have a
considerable impact on costs and schedules.

Although there are benefits recognized with a wide-range use of prefabrication in
construction projects, Wong et al. (2018) reported that there is still no widespread market
transformation. The authors reported that not all construction projects are willing to use
prefabrication and reap the benefits, and not all construction managers believe in the
benefits of prefabrication enough to decide to use it (Wong et al., 2018). Jaillon and Poon
(2010) observed a high level of resistance to existing practice change within contractors'
firms. According to Wong et al. (2018), contractors' readiness could determine whether
modular construction could ever become widespread.

Some local labor conditions have been conducive for modularization, yet

simultaneously, some requirements have appeared to be prohibitive (Lee & Hyun, 2019).
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To reap the benefits of modular progression, the project’s type and intensity must be
agreed upon early in the process, as the decision would have a significant impact on costs
and schedules (Dawar et al., 2014). Additionally, it is essential to understand barriers to
the success of modular projects (Lu & Korman, 2010). Figure 1 shows a sample modular
sketch for a processing unit.

Figure 1

Sample Modular 3D Sketch and Physical Installation

2.4 Modular CSFs
Based on conclusions drawn from previous sections, this section of the literature
reviews the vital role of CSFs in implementing successful modular construction projects
and examines specific literature associated with certain classes of success factors.
According to Wuni et al. (2020), in the construction world, one apparent trend is
favoring MiC, an approach now considered for most building projects. Despite how
successful and beneficial this approach can be, it has not been rigorously studied as other

approaches. Wuni et al. claimed that a range of factors and circumstances could converge
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and overlap to shape MiC projects' success. The researchers presented 25 CSFs
determined through a survey and analyzed them with statistical methods. The mean
scores illustrated that the top CSF was the fabricator's experience with modular design
and production. The following top factors were early design freeze and the robustness of
design specifications (Wuni et al., 2020). Additionally, how successful the
standardization and mass production was; how effective and open the communication and
information sharing was on projects; and how effective the supply-chain was manged
were also considered CSFs (O’Connor et al., 2015).

Wuni and Shen (2019a) also employed an exploratory factor analysis and grouped
the CSFs into four principal success factors (PSFs). Results from a fuzzy evaluation
revealed that all four principal factors could make or break MiC projects, depending on if
they were present or not. The project was likely to be successful if these factors were
present. If the factors were lacking or deficient, the projects could fail at higher rates.
MiC projects can be successful if the managers note these CSFs and invest in the proper
forecasting and diagnostic tools to determine whether they meet targets (Wuni et al.,
2020).

El-Abidi et al. (2019) focused on Malaysia's construction industry to derive more
CSFs for implementing an industrialized building system. They found that even though
the introduction of industrialized building systems (IBS) in Malaysia was not a new
concept, it was not immediately and widely accepted. Conducting a literature review and
gathering data through a self-administered survey instrument, El-Abidi et al. found 15
CSFs. El-Abidi et al. classified the 15 CSFs into five main domains: (a) enabler, (b)

personel, (¢) processes, (d) funding, and (e)Descion making, because not every CSF had
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the same impact, but all of them were crucial. In other words, CSFs in IBS
implementation has varying priorities and weights.

Wuni and Shen (2020) believed there were more reasons as to why MiC projects
fail. The researchers conducted a study that identified and evaluated 22 possible critical
failure factors (CFFs) associated with MiC projects using a survey consisting of various
experts. Wuni and Shen (2020) performed a factor analysis on the suggested CFFs. They
created a four-factor approach that accounted for approximately 72% of the total variance
in MiC projects' failures. Wuni and Shen (2020) four CFFs were; “(a) poor design and
dimensional variability management; (b) poor stakeholder and supply-chain management
(SCM); (c) limited technical knowledge, capability, and experience; and (d) late
commitment” (p.1).

By performing fuzzy modeling of the CFFs, the researchers found that all four
factors were significant in causing MiC project failure (Wuni & Shen, 2020).

MiC has been hailed as successful and beneficial; yet, the literature shows it has
not been as rigorously studied as other approaches. A range of factors and circumstances
could converge and overlap to shape MiC projects' success (Wuni & Shen, 2019b).
Therefore, it was imperative to understand how the critical factors affect modular
projects.

2.5 Analyzing CSFs

Table 2 summarizes CSFs for executing modular projects, derived from a
synopsis of the previous research findings, with references for each CSF. Wuni and Shen
(2019b) developed a 35 CSFs table used as the basis for Table 2. Table 2 has 38 PCSFs

which are further decomposed into sub-attributes based on the associated literature. The
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table includes success factors referenced in at least two previous studies, and a total of 60
studies were used in its development. The reason behind selecting CSFs used as
references in at least two prior studies was inspired by prior CSFs reviews (Antwi-Afari
et al., 2018; Osei-Kyei & Chan, 2015; Wuni et al., 2019a). Owner’s involvement, supply-
chain decisions, engineering practices, and fabricator experiences were the most cited
CSFs for implementing modular projects (cited in at least 13 different studies).
Additionally, these CSFs were not constrained by geography and are prevalent in most

countries, project phases, and types (Wuni & Shen, 2019b).
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Table 2

Skibniewski (1993), O’Connor, ’Brien, and Choi
(2015), Pan, Gibb, and Dainty (2012), Rashidi and
Ibrahim (2017), Tam, Tam, and Ng (2007),
Warszawski (1999)

Modular CSFs
_ CSFs From Literature References PCSFs Sub attributes

1  Good working Azhar, Lukkad, and Ahmad (2013), Blismas Owner's Communication
collaboration, effective (2007), Choi, O’Connor, and Kim (2016), Haas Involvement Plan
communication, and and Fagerlund (2002), Ismail, Yusuwan, and
information sharing among Baharuddin (2012), Kamar, Hamid, and Alshawi
MiC project participants (2010), Lau (2011),Lessing and Brege (2017), Li,

Xue, Li, Hong, and Shen (2018), Nawi,Lee,
Kamar, and Hamid (2012), O’Connor, O’Brien,
and Choi (2016),0joko, Osman, Abdul Rahman,

and Bakhary (2018), Pan, Gibb, and Dainty
(2007), Rashidi and Ibrahim (2017), Toor and
Ogunlana (2009), Triumph Modular Corporation
(2019), Xue, Zhang, Su, and Wu (2017)

2 Improved supply chain Arashpour et al. (2017), Blismas (2007), Carriker Supply Procurement
coordination and and Langar (2014), Haas and agerlund (2002), Chain Plan
management Haas, O’Connor, Tucker, Eickmann, and

Fagerlund (2000), Hjort, Lindgren, Larsson, and
Emmitt (2014), Hsu, Angeloudis, and Aurisicchio
(2018), Ismail et al. (2012), Kamar, Alshawi, and

Hamid (2009), Kamar et al. (2010), Lessing,

Stehn, and Ekholm (2005), Lessing and Brege
(2017), Rashidi and Ibrahim (2017), Rentschler,
Mulrooney, and Shahani (2016)

3 Accurate design, early Barlow et al. (2003), Blismas (2007), Bryan Engineering Timely
design freeze and timely (2019), Gibb (2001), Gibb and Isack (2001), Design
owner’s approval Kamar et al. (2010), Murtaza, Fisher, and Freeze
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CSFs From Literature References PCSFs Sub
attributes
Fully integrated approach and Blismas (2007), Bryan (2019), Gibb and Isack (2001), Owner's Adequate
involvement of key participants Ismail et al. (2012), Kamar et al. (2010), Lau (2011), Li,  Involvement Resource
throughout the project Li, Wu, and Li (2018), Pan, Gibb, and Dainty (2008), allocation
Pan t al. (2012), Rashidi and Ibrahim (2017), Tam et al.
Suitable procurement strategy and Blismas (2007), Hjort et al. (2014), Ismail et al. (2012), Supply Contracting
contracting Kamar et al. (2010), Nawi et al. (2012), Pan et al. (2007, Chain Strategy
2008), Rashidi and Ibrahim (2017), Rentschler et al.
(2016), Triumph Modular Corporation (2019), Xue et al.
(2017)
Standardization, optimization, and Barlow et al. (2003), Blismas (2007), Bryan (2019), Engineering  Standardizati
benchmarking of best practices Gibb (2001), Gibb and Isack (2001), Murtaza et al. on
(1993), O’Connor et al. (2015), Pan et al. (2012), Tam et
al. (2007), Triumph Modular Corporation (2019),
Warszawski (1999)
Extensive MiC project planning, Benjaoran and Dawood (2006), Haas and Fagerlund Owner's Modular
scheduling, and control (2002), Hjort et al. (2014), Ismail et al. (2012), Kamar et  Involvement Implementati
al. (2010), Lessing et al. (2005), Lessing and Brege on Research
(2017), O’Connor et al. (2016), Rashidi and Ibrahim and
(2017), Toor and Ogunlana (2009) Readiness
Early and effective use of information Demiralp, Guven, and Ergen (2012), Kamar et al. (2009, Owner's Communicati
and communication technology 2010), Lessing et al. 2005), Lessing and Brege (2017), Involvement on Plan
Li, Xue, et al. (2018), Rashidi and Ibrahim 2017),
Sharafi, Rashidi, Samali, Ronagh, and Mortazavi
(2018), Zhong et al. 2017)
Effective stakeholder MiC management Azhar et al. (2013), Choi et al. (2016), Haas and Owner's Team
starting with early with clearly defined Fagerlund (2002), Li, Xue, et al. (2018), Nawi et al. Involvement  Alignment on
goals and priorities of all involved 2012), Ojoko et al. (2018), Toor and Ogunlana (2009), Modular
stakeholders Triumph Modular Corporation (2019), Xue et al. Strategy
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CSFs From Literature References PCSFs Sub attributes

10  Effective management of Choi (2014), Choi and O’Connor (2014), Choi et al. Owner's Communication
stakeholder, supply chain (2016), Hjort et al. (2014), Ismail et al. (2012), Kamar Involvement Plan
and project execution risks et al. (2009, 2010), O’Connor, O’Brien, and Choi

(2014), Rashidi and Ibrahim (2017)

11  Adequate relevant Blismas (2007), Choi (2014), Choi and O’Connor Modular Experience
experience and knowledge  (2014), Choi et al. (2016), Hjort et al. (2014), Li, Xue, Contractor
of contractor, designer, and et al. (2018), Mydin, Nawi, Yunos, and Utaberta
manufacturer of MiC (2015), Toor and Ogunlana (2009), Triumph Modular
projects Corporation (2019)

12 Adequate resources of Choi (2014), Choi and O’Connor (2014), Choi et al. Owner's Involvement Adequate
owner, planning, team (2016), Gibb (2001), Hwang, Shan, and Looi (2018b), Resource
support and decision O’Connor et al. (2014), Rashidi and Ibrahim (2017) allocation
support systems

13  Top management support Azhar et al. (2013), Gibb (2001), Hwang et al. Owner's Involvement Early Decision
and early involvement of in (2018b), Kamar et al. (2010), Li, Xue, et al. (2018), Making and
the MiC supply chain Ojoko et al. (2018), Xue et al. (2017) Research

14  Early and precise definition ~ Azhar et al. (2013), Choi and O’Connor (2014), Choi Owner's Involvement Early Decision
of MiC project engineering et al. (2016), Kamar et al. (2009), Lau (2011), Making and
scope, planning and budget O’Connor et al. (2016) Research

15  Structure, experience, and Akagi, Murayama, Yoshida, and Kawahata (2002), Modular Contractor/ Experience

capabilities in modules
design and production

Choi (2014), Choi and O’Connor (2014), Choi et al.
(2016), Gibb (2001), O’Connor et al. (2014)

Engineering
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CSFs From Literature References PCSFs Sub attributes
16 Availability of local transport Choi (2014), Choi and O’Connor (2014), Supply Chain Transportation
infrastructure, equipment, heavy lift, and Choi et al. (2016), Gibb (2001), Hwang et Capabilities
site transport capabilities al. (2018b), O’Connor et al. (2014)
17 Alignment of modules architecture and Arashpour et al. (2017), Hofman, Voordijk, Modular Strategic
long -term collaboration among and Halman (2009), Li, Xue, et al. (2018), Contractor Relationships with
fabricators, suppliers, designers, Nawi et al. (2012), Ojoko et al. (2018), Xue Key Vendors and
subcontractors, and contractors et al. (2017) Suppliers
18 Early advice and modularization Blismas and Wakefield (2009), Kamar et al. Owner's Modular
consideration from MiC design (2010), Lee and Kim (2017), O’Connor et Involvement Implementation
professionals and experts al. (2014) (2015) Research and
readiness
19 Alignment on MiC project drivers Choi (2014), Choi and O’Connor (2014), Owner's Team Alignment on
Choi et al. (2016), Lau (2011), O’Connor et Involvement Modular Strategy
al. (2014)
20 Owner-furnished long-lead equipment Choi (2014), Choi and O’Connor (2014), Supply Chain Long Lead Items
specification Choi et al. (2016), O’Connor et al. (2014)
21 Module envelope limitations Choi (2014), Choi and O’Connor (2014), Modular Location
Choi et al. (2016), O’Connor et al. (2014) Contractor
22 Early completion and cost savings Choi (2014), Choi and O’Connor (2014), Owner's Early Decision
recognition Choi et al. (2016), O’Connor et al. (2014) Involvement Making and Research
23  Well-informed contractor leadership Choi (2014), Choi and O’Connor (2014), Modular Experience
Choi et al. (2016), O’Connor et al. (2014) Contractor
24 Owner delay avoidance Choi (2014), Choi and O’Connor (2014), Owner's Early Decision
Choi et al. (2016), O’Connor et al. (2014) Involvement Making and Research
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CSFs From Literature References PCSFs Sub attributes
25 Lead time and space hedging Choi (2014), Choi and O’Connor (2014), Choi et Supply Chain Transportation
and transport delay avoidance al. (2016), O’Connor et al. (2014) Capabilities
26 Realistic systematic economic Hsu et al. (2018), Lau (2011), O’Connor et al. Owner's Early Decision
analysis and early decisions (2016), Song, Fagerlund, Haas, Tatum, and Involvement Making and
Vanegas (2005) Research
27 Design robustness, flexibility, Marchesi and Matt (2017), Pan et al. (2012), Engineering Specifications
and system integration Rentschler et al. (2016), Toor and Ogunlana (2009)
28 Continuous improvement and  Haas and Fagerlund (2002), Li, Xue, et al. (2018), Owner's Team Alignment on
learning Nawi et al. (2012), Xue et al. (2017) Involvement Modular Strategy
29 Availability of experienced Gibb (2001), Hwang et al. (2018b), Li, Xue, et al. Engineering Experience
workforce and supervising (2018), Xue et al. (2017) 4 20
team with technical
capabilities
30 Key decisions should be Gibb (1999), Li, Xue, et al. (2018), Xue et al. Owner's Early Decision
understood and made as early (2017) 3 30 Involvement Making and
as possible between all parties Research
involved
31 Intensive early research on Gibb (2001), Haas and Fagerlund (2002), Ismail et Owner's Modular
modularization and al. (2012) Involvement Implementation
commitment from owners Research and
readiness
32 Reasonable lead time to allow  Gibb and Isack (2003), Haas and Fagerlund (2002  Modular Contractor Specifications

for pre-site prototyping and
trial assembly or stacking of
modules in the factory
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CSFs From Literature

References

PCSFs

Sub attributes

33

34

35

36

37

38

Effective coordination of off-
site and on-site construction
activities

Systematic performance
measuring and re-use of
experiences

Fabricator experience and
capabilities in modules design
and production

Advanced Work Packaging
(AWP)

Adequate modular design
code, specification,
regulations, and performance
management systems
Operations and Maintenance
(O&M) Provisions

Haas and Fagerlund (2002), Pan et al. (2008)

Arashpour et al. (2017), Nawi et al. (2012) 2
32

Ibrahim Yahaya Wuni & Geoffrey Qiping
Shen (2020)

Ponticelli, S., O'Brien, W., & Leite, F.
(2015), Halala & Fayek (2019), Guerra, B.
C., & Leite, F. (2020).

Wong, Whelan, and Holdsworth (2018),
Youdale (2009)

Choi (2014), Choi and O’Connor (2014),
Choi et al. (2016), O’Connor et al. (2014)

Owner's Involvement

Modular Contractor

Modular Contractor

Engineering

Engineering

Modular Contractor

Adequate Resource
allocation

Experience
Experience/
Specifications

Advanced Work
Packaging

Specifications

Operations

Note. CSF = Critical Success Factor; PCSF = Primary Critical Success Factor; MiC = Modular Integrated Construction. Adapted from

“Critical Success Factors for Modular Integrated Construction Projects: A Review,” by I. Y. Wuni and G. Q. Shen, 2019b, Building

Research & Information, 48(7), p. 763784 (https://doi.org/10.1080/09613218.2019.1669009).
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Despite a general agreement on the most influential CSFs, none of the literature
demonstrated a holistic approach to applying the CSFs to predict the utility of modularity
in a form that could be used for project-level decision-making.

2.5.1 Engineering

Engineering is an essential construct within this study as it is the backbone of
ensuring that the project is effectively planned and executed. Engineering decisions are a
critical component in any project (Rad & Yamini, 2016). Therefore, this section discusses
the importance of engineering by reviewing its CSFs, including; Advanced Work
Packages (AWP), standardization, timely design freeze, the average engineering
experience, and engineering modular specifications.

2.5.1.1 Advanced Work Packages

AWP is a planned executable method encompassing the activities of a
engineering procurement and construction (EPC) project, beginning with front-end
design through detailed design, construction, and commissioning phase (Construction
Industry Institute, 2012). Ponticelli et al. (2015) and Halala and Fayek (2019) have
described AWP as an emerging methodology comprised of an upgraded project
breakdown structure that offers a systematized and strategic planning approach
(Ponticelli et al. 2015). This organized planning approach aligns construction,
engineering, and procuring activities at the beginning of the preliminary planning phase
(Halala & Fayek; 2019, Ponticelli et al., 2015).

Halala and Fayek (2019) claimed that due to the cost and schedule inefficiencies

within the industrial construction sector, the Construction Industry Institute created AWP.
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Halala and Fayek found that most case studies focusing on AWP had many benefits,
including productivity, cost, safety, and scheduling improvements.

According to Ponticelli et al. (2015), other researchers conducted several case
studies on two industrial construction projects. The two construction projects were
similar in scope, but one was implemented using AWP while the other was not. The
findings also revealed that AWP implementation could improve performances in terms of
maximized project costs, improved scheduling, higher quality, and increased safety if
applied in a modular strategy.

2.5.1.2 Standardization

Standardization is defined as attempting to design facility elements to encourage
repeatability, productivity increase, and site errors reduction. (O’Connor, 2006). Choi et
al. (2020) claimed that new technologies have led to a resurgence of curiosity on
modularization and system standardization designs. Choi et al. reported that both
methods are still underutilized in upstream and midstream capital projects along with
mining-sector projects.

Industrial companies have at their disposal several mechanisms and approaches
when dealing with the complex nature of their technical products and systems. For
example, Barlow et al. (2002) completed a case study of firms in Japan supplying
customized homes preassembled from standardized components or modular systems,
comparing the results to the United Kingdom housing industry. The results indicated that
several generic supply-chain models could support mass customization.

O’Connor et al. (2009) performed a case study with four similar low-Sulphur

gasoline projects, using a standardized plant-design engineering approach, then repeating
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the process at various construction sites. Their study concluded that a standardization
strategy could substantially enhance productivity and the ability to meet target project-
value objectives.
2.5.1.3 Timely Design Freeze

Guerra and Leite (2020) reported that engineering deliverables that are late,
substandard, or unfinished are noted in the domain knowledge as damaging to a project’s
success. Contractors listed delays in design specifications, delays in drawing approvals,
errors, and inconsistencies in design deliverables as the five leading causes of delays in
implementing construction projects in Hong Kong (Kumaraswamy & Chan, 1998). The
effect of delays in planning, engineering, and design revisions on building construction
projects was highlighted in a survey of Saudi Arabian contractors, owners, and design
firms (Assaf et al., 1995). Arshad et al. (2019) summarized the top five issues of using
building information modeling, a 3D-modeling process that improves planning, design,
and construction of buildings as; “(a) intellectual property and data ownership;
professional and design liability; contract conditions; (d) data interoperability; and (e)
protocols, processes, and responsibilities” (p.11).

Therefore, Arshad et al. concluded that design decisions must be made early and
adhered to, eliminating design liabilities and contributing to successful modular projects.

2.5.1.4 Engineering Modular Specifications

Tseng et al. (2008) have postulated that increasing market competition has
prompted corporations to create more diverse products to fulfill customers’ demands and
needs. However, Tseng et al. also stated that frequent changes in product designs make

component and module installation and disassembly increasingly complicated.
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Consequently, modular product design is an issue that needs to be solved (Tseng et al.,
2008). In a Tseng et al. study, engineering attributes were added to the liaison graph
model to evaluate the link between parts. The engineering attributes included a range of
product design specifications. These attributes were used by designers’ to assess the
component-liaison effectiveness throughout the design stage.

2.5.1.5 Engineering Experience

In a study conducted by Lau (2011), a senior engineer observed that they did not
understand modular design strategies, making the process challenging to implement. Lau
reported that there are many design standards accessible in the market with limited time
to study them. Additionally, Lau stated that products’ life cycles shorten as product
variety increases. Therefore, Lau concluded that building a design rule system that
required engineers to master mathematical rules while routinely modeling products and
updating design data changes was unproductive. To diminish this issue, engineers should
modularize products using their technical knowledge and budgets (Lau, 2011). The study
also concluded that successful fabricators typically adapt the design standards selectively
and integrate them with engineers’ modular design experience (Lau, 2011).

This section overviews the importance of engineering by highlighting AWPs,
standardization, timely design freeze, the average engineering experience, and
engineering modular specification as critical components for successfully implementing
modular projects. The study by Tseng et al. (2008) concluded the importance of having
specifications for MPD yet underscored the importance of certain design factors. None of
the studies surveyed applied CSFs in a predictive capacity that could improve project

execution and the reliability of a modular strategy. Consequently, it was clear that current
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literature does not use these CSFs as prerequisites to creating successful execution
strategies efficiently. The literature exposed the gaps in how this information is currently
used (Abdelmageed & Zayed, 2020).

2.5.2 Modular Contractor

The modular contractor is a critical piece of a modular strategy (O’Connor et al.,
2016). As such, this section decomposes the importance of location, experience,
operations management, modular specifications, and fabricator supply-chain capabilities
as a modular contractor’s CSFs.

2.5.2.1 Location

O'Connor et al. (2014) identified the first CSF as module envelope limitations in
their study on modular CSFs. They indicated that early logistics and transportation
analysis should capture costs, key constraints, and risks from the suggested fabrication
yard locations to workers. Critical planning components for modular project execution
include module contractors' locations, relevant sea and land routes, characteristics of
transportation alternatives, and infrastructures, along with their capacity clearances
(O’Connor et al., 2016).

2.5.2.2 Experience

For MiC to become a construction practice or superior choice compared to other
traditional approaches, a critical analysis must always be completed first. The reality is
that several criteria and conditions are required to align to make MiC cost-effective and
functional for any company (Hwang et al., 2018). Hwang et al. (2018) performed a
complete analysis of the factors that led to the decision to use MiC for a construction

project and revealed 51 factors that could affect the decision to implement MiC. Of the
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51 factors, the top two were the availability of skilled and experienced modular
contractors and skilled supervisors and managers. Factory experience is an essential
factor in whether companies successfully use MiC or not (Hwang et al., 2018; Wuni et
al., 2019b).

2.5.2.3 Operations Management

Operations Management is another reason modular construction might be selected
or why it can be successful (Stevenson et al., 2014). For instance, Jing-Xiao et al. (2010)
studied how the introduction of the project management oversight model in EPC
contracts affected the modular management of EPC contractors and found positive
results. Using a case study project, Jing-Xiao et al. found substantial evidence that the
operational flow chart firmly improved the integration of the resources between the EPC
contractors' long-distance projects and their headquarters.

Al Taffaq and Al Fakih (2016) demonstrated the same findings. The researchers
focused on how operations management benefited fabrication yards when building
project modules. They found that early engagement in operations and maintenance
management could ensure the given projects achieve their goals and objectives. The
researchers concluded that operations management could undoubtedly help complete
various aspects of readiness for individuals to operate daunting facilities and enhance the
capacity to meet project standards and specifications. Another result was that it could
lead to the operations team's early familiarization with the module’s scope and facilities,

which was crucial for projects' success (Al-Taffaq & Fakih, 2016).
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2.5.2.4 Modular Specifications

The continuous change in customer needs has led many manufacturers to improve
their product-development methodology (Cooper, 2019). They have focused on the
design phase of MPD (Chadha et al., 2018). In MPD, because critical components
represent critical competencies, the integrity of these components directly impacts the
overall product quality. (Ma et al., 2018). Ma et al. (2018) reported that the integration of
cost-reducing strategies and specifications for critical components led to several positive
outcomes. Towards this effort, Ma et al. (2018) conducted a study to develop an MPD
method, which reduces product assembly costs by incorporating necessary component
specifications as part of the product assembly.

2.5.2.5 Fabricator Supply-Chain Capabilities

Supplier relationship management is a strategic concept for any manufacturer
because it helps optimize decision-making (Kiarie, 2017). Supplier relationship
management focuses on capitalizing on the value of a company’s supplier network by
delivering an integrated range of management tools aimed at how manufacturers interact
with their suppliers (Greeff & Ghoshal, 2004). In a study by O’Connor et al. (2014) on
modular CSFs, the authors presented the twelfth CSF as module fabricator capabilities.
The researchers stated that fabricators should expand with new projects, including land,
facility growth, financial support, extra employees, administration, project controls,
management, supply chain, financial stability, and previous experience.

2.5.3 Supply Chain Management

SCM is a technique that focuses on managing the flow of all processes that

conclude with final products (Serpell & Heredia Rojas, 2004). SCM is an essential
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concept, as many benefits can be experienced due to SCM within the construction
industry. For example, construction companies can increase their processes’ effectiveness
to ensure an advantage over their competitors (Serpell & Heredia Rojas, 2004). This
section further breaks down the CSFs for SCM when implementing a modular strategy.
2.5.3.1 Procurement Plan

Researchers are cognizant that modular or prefabricated construction is gaining
ground within the industry and slowly replacing traditional on-site construction due to
many benefits (Molavi &amp; Barral, 2017; Rivera &amp; Kashiwagi, 2016). Such as
faster completion time (Molavi & Barral, 2016), reduced or minimized costs, better
output quality, and less harmful environmental effects (Rivera & Kashiwagi, 2016).
However, many problems are associated with modular construction, dissuading some
construction managers from using it. Molavi and Barral (2016) concluded that the
procurement plan, or the lack thereof, is one of the main reasons. This is because design
professionals allocate most of their attention and concentration on perfecting the modular
design, thereby overlooking the intensive administrative work (Baldwin & Clark, 2006).
Neglected administrative tasks have dire consequences (Ye et al., 2018). However,
design considerations and coordination between factory and on-site activities can be
achieved and adduced if a suitable procurement plan exists (Huang et al., 2021). A
procurement plan that details all managerial and administrative tasks will better apply
modular construction methods for success (Molavi & Barral, 2016).

2.5.3.2 Contracting Strategy
Ding et al. (2018) reported that some of the most practiced procurement methods

are the lowest bid, the best value, and owners’ internal resources and philosophies.
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However, the authors reported that a contract strategy is crucial for project success within
the construction industry. The authors found that a project delivery method should be
designed in conjunction with a project contract strategy. It aided in identifying tools to
make decisions at different steps of the project. It helped in the identification of decision-
making tools at various stages of the project.

An earlier study by Rendon (2007) determined the following characteristics of a
successful MOSA program procurement and resulting contract:

(1) early immersion and participation of procurement in the development of
requirements and acquisition strategies; (2) shared roles between the movement
and contractors in the development of the system’s specification and statement of
work; (3) the use of a best-value contract strategy consisting of the evaluation of
offeror's technical, schedule, and past performance, as well as the offeror's cost
and management approach; (4) using a contract structure consisting of contractor
incentives for meeting higher levels of "openness"; and (5) the documentation of
contractor's past performance in meeting "openness" requirements, as well as the
documentation of lessons learned and best practices on open systems (p.76).

2.5.3.3 Early Project Involvement
Hastie et al. (2017) focused on modeling organizational capabilities when the
procurement contractor was involved in the early stages of a project. Completing a case
study, the authors examined early contractor involvement concerning procurement. The
study results highlighted that the early stage was crucial for knowledge integration in
early contractor involvement. It helped identify and acknowledge the main contractor's

perspective to influence the project's outcome.
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Ye et al. (2018) studied the effects of early project involvement and how
modularization and skilled employees were related to emerging product design outcomes.
Gathering data from 317 manufacturers, they concluded that product modularity could
significantly improve new product development outcomes. This effect was enhanced
further if there was a higher level of early supply-chain involvement.

2.5.3.4 Transportation Capabilities

Several studies have concluded that transportation capabilities can affect SCM
and large-scale modular construction projects (Carriker & Langer, 2014; Hwang et al.,
2018; O’Connor et al., 2015). O'Connor et al. (2015) designed a study to determine how
modularization and standardization were related from the industrial sector viewpoint. The
study identified standard modules and a modular, standardized plant as different
approaches that could be used to combine modularization and design standardization. The
researchers concluded that effective coordination and transportation, the organization of
all integrated parts of the MiC supply chain capabilities, effectively addressing and
preparing against stakeholders, supply chain management, and project execution risks
were critical to MiC projects' success.

2.5.3.5 Long Lead Items

Chiu and Kremer (2014) postulated that decision-makers could choose and build
design alternatives with cost and schedule advantages. The authors observed an inverse
relationship between cost and ease of installation and time and installation capabilities,
thereby implying a tradeoff between the variables. They also observed that whereas lead-
time values are clustered in a smaller range, the design for assembly values has a more

comprehensive range. Consequently, designers should choose design alternatives that are
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significantly easier to assemble without raising supply-chain lead times (Chiu & Kremer,
2014).

Equipment availability is vital in modular operations because specific components
and systems are highly customized (Roy, 2017). Some modules, such as control systems,
are advanced, while others like, steelwork or piping, are not (Carrlson et al., 2014).
Heavy customization leads to higher prices, more significant risks, and longer lead times.
(DeTreville et al., 2004). Outsourcing also becomes difficult because system
requirements are defined after the design phase (Hicks et al., 2000). Thus, a project
requires the early availability of crucial vendor information to progress efficiently on
their modular designs (O'Connor et al., 2016). Therefore, carefully planning and
strategizing when to purchase and what type of long-lead items to buy is critical to
modular projects' success (Hutchins, 2019).

The literature showed that SCM could foster many modular benefits. Therefore, a
procurement plan must detail all managerial and administrative tasks. Thus, project-
delivery methods must be designed in conjunction with a project-contract strategy to
apply modular construction methods better. Even though the literature clearly shows
these benefits, it also exposed that many companies still struggle to use these CSFs to
create effective modular execution strategies.

2.5.4 Owner Involvement

The owner’s involvement is essential in construction projects simply because the
owner must manage all risks for the project to be successful (Toole et al., 2017). When
ensuring the owner’s involvement in modular projects, it is vital to do so under the guise

of specific areas, as the literature proposed. These areas include adequate resource
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allocation, team alignment on modular strategies, early decision-making, and

communicating effectively with all stakeholders. This section further reviews these

factors. Without effective owner involvement, projects can be delayed and not be

completed per the specifications laid out in the project’s planning (Rachid et al., 2019).
2.5.4.1 Adequate Resource Allocation

The owner's involvement within modular construction is vital to a project’s
success. One aspect focuses on adequate resource allocation, given that operations within
modular construction occur in a controlled environment (Ahmed et al., 2019). There is a
need to timely schedule associated activities to make modular construction successful
(Ahmed et al., 2019). Dissimilar to conventional onsite construction approaches,
operations in modular construction occur sequentially and linearly, with heavy reliance
on adequate resource allocation to workstations (Ahmed et al., 2019).

Additionally, Choi et al. (2016) asserted that early modular feasibility is best
accomplished by owners’ early research and decision-making strategies, work
procedures, and adequate team resources’ support.

2.5.4.2 Team Alignment on Modular Strategy

Although still limited in numbers, researchers have already established a link
between team alignment and construction project success, even those involving modular
construction (Wuni & Shen, 2019b). According to various studies, project managers can
easily manipulate metrics to demonstrate that they perform well even though they are not
(Oravec, 2017). However, what project managers cannot do is fake team alignment or
even accurately measure and report the degree to which teams are emotionally and

mentally aligned and connected (Fiander-McCann, 2013). In projects that increasingly
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use modular construction, there could be at least four to five teams distributed throughout
the world working toward one common objective. This makes it harder to collaborate
compared to traditional teams; yet, they share massive deliverables and are
interdependent (Fiander-McCann, 2013). Failure to manage can disturb a wide range of
interrelated processes and construction activities and lead to significant failures (Love et
al., 2018).
2.5.4.3 Early Decision-Making and Research

Owners should be engaged right from the start of a project (Fischer et al., 2017).
According to Pan et al. (2018), early decision-making is crucial to modular building
projects' overall success. Constructors who transitioned to a modular strategy after the
traditional design process had already begun added a level of complexity to their designs
(Roy, 2017). Apart from the costs associated with switching and redrawing with late
decision-making, the outcome may not be successful due to unnecessary complexities
(Luo et al., 2017). Researchers have established that modular projects can benefit from all
stakeholders' early engagement and decision-making processes (Pan et al., 2018; Salama
et al., 2018).

2.5.4.4 Communication Plan

One of the top four critical failure factors for modular projects is inadequate
collaboration and inconsistent project communication plans (Wuni & Shen, 2020). Good
coordination between all parties in management factors for every stage of the IBS process
plays the leading role toward an IBS project’s success (Ismail, 2012). Clients, project
managers, and contractors must communicate to ensure that results are being delivered

and understood throughout the project (Al Barami et al., 2019).
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MiC’s effective integration among stakeholders requires good communication and
exchange of information (Li, Shen, et al., 2017). Therefore, modular projects must have
adequate communication plans to alleviate the risk of inadequate project participant
collaboration and communication (Choi et al., 2016).

2.5.4.5 Modular Implementation Research and Readiness

Wong et al. (2018) conducted a study to evaluate the factors influencing
contractors' willingness to consider a more prominent use of prefabrication in their
projects. The researchers developed a framework that illustrated how interrelated
contractors' readiness, unlearning, and counter knowledge were. Results indicated that
unlearning positively correlated to readiness. More extensive use of prefabrication cannot
be achieved if unlearning does not occur as there could exist counter knowledge that
should be first undone. Owners' openness and readiness to embrace modular construction
and the organization's experience with modularization were two of the twelve identified
decision-making factors in research by Azhar et al. (2013). The whole project team's
understanding and dedication, and early agreement on key facts are critical (Gibb, 2001).
Management must account for the difference in the culture created by substituting a
manufacturing process for traditional construction activities. Failure to adequately
address these concerns may result in costs and schedule overruns (Gibb, 2001).

Despite all literature outlining the CSFs for a successful modular project, the
review also revealed an existing gap in the research conducted on applying these factors
as decision-making tools. Abdelmageed and Zayed (2020) analyzed MiC literature and
concluded the following gaps. Limited quantitative studies to determine the advantages of

creative design concepts, inadequate cost analysis for MiC to quantify its benefits, and
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studies to select the correct project-delivery technique in MiC projects were among the
issues identified.
2.6 Modular Multi-Criteria Decision Analysis

Due to the multi-criteria nature of the Praxis problem statement, the Praxis lends
itself perfectly to using an MCDA method to solve the problem. MCDA is a systemic
approach that supports complex decisions relative to predetermined criteria (Peng et al.,
2011). Several multi-criteria decision problems include quantitative and qualitative
factors (Sonmez et al., 2002). Researchers have pointed out three main difficulties when
dealing with MCDA problems: (a) different types of assessments, (b) inaccurate and
erroneous assessments due to limited data, and (c) a combination of subjective and
objective evaluations based on a variety of decision factors (Kim & Ahn, 1991; S6nmez
et al., 2002; Valls & Torra, 2000).

The following section highlights essential aspects of the different MCDA methods
available, their limitations, various theories, and their alignment with this study.

2.6.1 Limitations of MCDA Methods

A review of the popular MCDA methods was conducted to select which method
best lends itself to the Praxis problem statement. Probability theory, Bayesian theory,
fuzzy set theory, Analytical Hierarchy Process (AHP), the modified Evidential Reasoning
(ER) method, and the original ER approach are available MCDA methods (Greco, 2005).
Their limitations were thoroughly reviewed.

2.6.1.1 Limitations of Probability Theory
Numerous researchers have used probability theory to develop assessment models

(Mishra, 2002), which is considered the standard for efficiency assessment models.
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Probability theory implements either frequentist or Bayesian concepts to develop the
basic forecasting engine (Liu et al., 2002). The frequentist model depends on the
repetition of an occurrence to predict the subsequent possible outcome (Flanagan &
Norman, 1993). However, construction projects are unique projects (Flanagan &
Norman, 1993). Therefore a frequentist model will not fit a construction efficiency
predictive system. On the other hand, the Bayesian concept can handle quantitative data
but fails to deal with subjective information (Tenenbaum, 1999).
2.6.1.2 Limitations of Fuzzy Set Theory
The fuzzy set theory is a widely used technique for assessing information under
uncertain situations (Dikmen et al., 2007). However, it is sometimes avoided for its three
major inept characteristics: (a) it cannot correctly transform information from linguistic
variables, (b) it scarcely performs arithmetic operations, and (c) it fails to deduce reliable
assessments (Kangari & Riggs, 1989).
2.6.1.3 Limitations of Analytical Hierarchical Process
Scientists have used AHP to manage information under uncertainty (Tenenbaum,
1999); however, AHP has some drawbacks. AHP does not provide judgments to relate
one element to others in cases of intangible criteria, it faces inconsistency problems when
many judgments are required, and AHP can create a rank-reversal problem when new
alternatives are added (Belton & Stewart, 2002).
2.6.1.4 Limitations of The Modified ER Method
Weight distribution is the main problem with the modified ER method
(Eslamimanesh & Esmaeilzadeh, 2010). With the modified ER method, the attributes'

weights are distributed based on relative importance (Yang & Xu, 2002a). In most cases,
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this weight distribution raises imbalanced assessments when the weights for the basic
attributes (e.g., AWP or engineering experience) differ extensively from the general
attributes such as engineering or owners’ involvement (Yang & Xu, 2002a).

2.6.2 The Original ER Method

The ER method is a knowledge-based expert system (ES) model where the
domain experts collect the basic knowledge parameters (Yang & Singh, 1994; Yang &
Sen, 1994). This method is popular for resolving MCDA problems (Sénmez et al., 2002).
This approach was first developed in 1994 and later improved in 2002 by Yang and Xu
with weight normalization and probability assignment. An ES is a branch of artificial
intelligence that uses human expertise to address ill-structured problems for which no
definite solution exists (Barr & Feigenbaum, 1982). For decision-making problems where
no algorithm exists, the problem can be solved analytically using human expertise in the
form of if-then rules (Al-Ghamdi et al., 2011). Rule-based ESs are well-suited for
problems that exhibit uncertainty resulting from inexactness, vagueness, or subjectivity
(Aly & Vrana, 2006). In a study by Sonmez et al. (2002), the researchers applied ER to a
construction contractor’s prequalification process to address uncertainty, incomplete or
inadequate evaluations from lack of information, time, or incompetence.

Although the original ER algorithm only satisfies the independence axiom, it has
several advantages that make it the best method for this Praxis. The ER algorithm can
evaluate both qualitative and quantitative information; therefore, it can capture all sorts of
uncertainties (Yang & Xu, 2002b). This algorithm provides the most uncomplicated
assessment process; it considers the user's beliefs for an appraisal, and it can capture

attributes with a Boolean expression (Jiao & Geng, 2019).
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2.6.3 TOPSIS

Hwang and Yoon (1981) first developed the technique for order of preference by
similarity to ideal solution (TOPSIS) method. “TOPSIS ranks alternatives according to
their distances from the ideal and negative ideal solution (i.e., the best alternative has
simultaneously the shortest distance from the ideal solution and farthest distance from the
negative ideal solution” (Sarraf et al., 2013, p.862). The ideal solution is found by
selecting a hypothetical alternative with the best values for all of the evaluated criteria.
On the other hand, the negative ideal solution is a hypothetical alternative with the worst
criteria values. (Sarraf et al., 2013). TOPSIS has been effectively used to address
selection or evaluation problems involving a predetermined number of options (Jee &
Kang, 2000; Yong, 2006) since it is easy to understand and apply. Moreover, TOPSIS’s
logic depicts human decision-making (Shih et al., 2007).

2.7 MCDA Modular Models

The proper application of modularization strategies allows the industry to improve
project performance. (Song et al., 2005; Tatum et al., 1986). However, the industry has
yet to realize its full potential from leveraging PPMOF (Song et al., 2005). Several
researchers have developed several MCDA methods to help PPMOF reach its full
potential (Choi, Chen, et al., 2019). Fisher and Skibniewski (1992) created MODEX, a
disk-operating-system-based ES. Their system assists practitioners in deciding if a project
is suitable for modular construction technologies (Choi, O’Connor, et al., 2019). Murtaza
and Fisher (1994) created Neuromodex, which aids stakeholders like project managers
and engineers to determine modularization’s feasibility. Song et al. (2005) developed the

PPMOF tool to determine if a project is viable for modular construction strategies by
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analyzing industry drivers and impediments to the PPMOF. Choi, O’Connor, et al. (2019)
created a model that gives the user specific benefits and provides the ideal amount of
work hours to be moved off-site.

There is extensive literature on MCDA construction models, yet most have
focused on whether a project should use modularization. There is a gap regarding using
MCDA methods and CSFs to predict the best modular strategy to use.

2.8 Sensitivity Analysis

One at a time (OAT) and global sensitivity analysis (GSA) methods can be used
to analyze a system's sensitivity (Ioos & Lemaitre, 2015). In the OAT SA design, all
input variables in question are changed by the same relative amount (Jung et al., 2010).
To determine how sensitive the system is to its attributes' weights, the inputs are kept
constant while the weights are continuously changed OAT each time, and the output is
recorded (Kleijnen, 1998). The GSA is performed by changing all the inputs
simultaneously. The advantage of OAT analysis is that it does not make simplifying
assumptions. In contrast, GSA’s advantage is that it eliminates the unjustified
assumptions of model linearity and additivity that the OAT method makes (Ferretti et al.,
2016).

2.9 Summary and Conclusion

The purpose of this review was to analyze the literature on modular construction
strategies in the O&G industry and understand why its implementation has not always
been successful. There is conflicting literature, and many benefits have been identified
when moving to a modular construction design; however, some barriers have also been

identified within the literature (Marton & Schroth, 2015; Wuni & Shen, 2019b). Based on
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their study, Marton and Schroth (2015) cautioned that before fully embracing
modularization, O&G companies must weigh advantages and disadvantages.

Wuni and Shen (2020) also state that it is imperative to continue research among
CSFs, as they can differ from industry to industry, thereby guiding, directing, and
improving modular projects' successful implementation. Studies highlighted in the review
show the gap in the literature that promotes the viability of this current study.

This review identified no model in the literature using CSFs as a decision-making
strategy for modular projects, exposing a significant gap in the literature, which this
Praxis attempts to close. This research will enhance the already-existing literature and

research on modular decision-making practices.
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Chapter 3: Methodology

3.1 Introduction

This chapter outlines the methodology used for this Praxis. This Praxis used a
mixed methodology, including a quantitative approach for the data analysis and a
qualitative paradigm for building the modular predictive model. The technique for order
of preference by similarity to ideal solution (TOPSIS) method was used to compare the
efficiency differences between costs and schedules of modular and nonmodular projects.
Then, the Evidential Reasoning (ER) approach was used to create a predictive efficiency
model.

This chapter is divided into twelve sections. The second section explains the
TOPSIS methodology along with its applicability to this Praxis. Section 3 explains
where, how, and why the TOPSIS data were collected. Section 4 breaks down how the
TOPSIS method is used in the Praxis and the math behind it. Section 5 explains the ER
method and its applicability to the Praxis. Section 6 breaks down the ER method into its
different steps and the requirements for creating a good ER model. Section 7 explains
how the equations were used in this method. Section 8 shows how the data were collected
for the ER method. Section 9 explains how the Praxis model was developed. Section 10
discusses the sensitivity analysis (SA) process. Section 11 discusses the validation
process, and section 12 is the chapter conclusion.

The study began with a comparative analysis of costs and schedule data for
modular and nonmodular approaches to understand the relationship between these two
types of projects and answer H1 and H2. Figure 2 diagrammatically depicts the mixed

methodology applied to this study to evaluate this Praxis’ hypotheses. The comparative
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analysis was done using the TOPSIS method, which was selected because of the type and
nature of the decision-analysis problem and two significant features of the TOPSIS
method: its normalizing ability and ability to assign individual weighted values to the
problem variables (Sarraf et al., 2013). The TOPSIS method standardizes and normalizes
its attributes to measure all attributes in dimensionless units, making comparisons easier
(Yue, 2011). Normalization is the process of reducing or conforming variables to a given
standard. (Yue, 2011).

Once the TOPSIS analysis was completed, the Praxis used the ER methodology to
evaluate H3 and further understand how to implement successful modular projects.
Figure 2

Research Methodology Map

‘ Modular Strategy ‘

{ Hypothesis 3 }
{ Hypothesis 182 }

Final Decision ‘ Predictive Model ‘
'y

Numerical & ‘ Decision Making Kernel * Recursive ER
Result analysis
Visual T
ry
Comparison

Model Data Preparation

‘ TOPSIS }—b{ Data Analysis ‘ T f l
4

Attribute Evaluation Attributes
(Weight determination) Determination
Data Acquisition NGT Experts’ Knowledge Domain
+ Method Acquisition Knowledge
acquisition
Cost and Schedule performance T T

Experts Literature

Involvement Review

44



3.2 TOPSIS Methodology

The TOPSIS method was used as a comparative analysis technique to analyze
alternatives between nonmodular and modular cost and schedule data. The method was
considered stable based on a study done by Li et al. (2012). Their research assumed the
initial parameter weights were equal and then adjusted each weight individually to
observe how the results were impacted. Li et al. concluded that model results would
change if the weights increased or decreased by +20 to =50 %.

TOPSIS is a multi-criteria decision analysis (MCDA) method that makes a pair-
wise comparison among different alternatives and provides the performance generated by
the alternatives (Hwang & Yoon, 1981). The TOPSIS method’s primary principle is that
the selected alternative should be the closest to the positive ideal solution and the furthest
away from the negative solution” (Sarraf et al., 2013, p.). The TOPSIS method
transforms multiple criteria dimensions into nondimensional criteria (Sarraf et al., 2013).

The normalized process is typically done column-wise to compare the alternatives
of each attribute; furthermore, the normalized value will be a positive number between 0
and 1 (Yue, 2011). The technique uses weights to distinguish the normalized values
assigned to each variable, emphasizing the decision-maker's preferences (Sarraf et al.,
2013). “When a designer finds no reason to give preference to one criterion over another,
the principle of insufficient reason” (Starr & Greenwood, 1977, p.111 ) recommends that
each one should be weighted equally. This study compared different types of nonmodular

and modular projects based on this principle.

45



3.3 Data Collection TOPSIS

The research for this Praxis used data for engineering, material, and construction
costs and project definition, engineering, procurement, and construction durations to
perform the analysis required to test the hypothesis. The study collected the costs and
schedule data from modular and nonmodular projects executed in the Gulf states of the
United States. Nonmodular data was collected from Company A's project execution plans
and reports showing cost and schedule values of nonmodular projects with total
installation costs (TICs) over $1,000,000. Modular data were collected from Company
A’s project execution plans and reports, showing cost and schedule values of modular
projects with TICs over $1,000,000. Company A is in the Gulf of Mexico area. The
company provides fabrication, engineering, maintenance, procurement, design,
construction, and environmental services to customers.

Based on expert input and the fact that the individual variables analyzed all sum
up to the final cost and schedule numbers, the weight assignments were equally
distributed using the number of variables in the dataset, ensuring the total weights were
100% as purported by Starr and Greenwood’s (1977) analysis of the TOPSIS model. For
costs, the five variables were each weighted at 0.20, and for schedule, the four variables
were each weighted at 0.25. Data for 10 modular and 109 nonmodular construction
projects were used in this Praxis.

Cost and schedule data for both modular and nonmodular projects were collected.
The cost variables were engineering, material, and construction costs, whereas schedule

variables were project definition, engineering, procurement, and construction durations.
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3.4 The TOPSIS Methodology Decomposed

To apply the TOPSIS method to any problem, the problem must have more than
one option, and each option should have similar decision variables measured in similar
units.

There are two options in this Praxis: modular and nonmodular. The modular and
nonmodular data have similar cost and schedule variables measured in similar units. The
cost variables are engineering, material, and construction costs with different values for
different execution methods. The schedule variables are project definition, engineering,
procurement, and construction durations with different values for different execution
strategies. The TOPSIS method then normalizes these values and provides a single
parameter where they can be measured.

The TOPSIS method has six steps (Hwang & Yoon, 1981). This section breaks
down the six steps and shows an example of how the TOPSIS method was applied to the
Praxis historical project data. The data-analysis task is explained using data for one
modular project, referred to as Modular Project 1, and one nonmodular project referred to
as Nonmodular Project 1.

1) Problem Formation and solution representation schema

The TOPSIS method transforms multicriteria decision-making problems into two-
dimensional decision matrices. The matrix’s column expresses the decision attributes,
and the row represents the alternatives (Hwang & Yoon, 1981). Suppose a decision-
analysis problem has vy distinct alternatives @,(o = 1, ....,y) with B basic attributes a(t

= 1..., B). The decision alternatives are represented as,

¢ = {01, 92 -, @y1, 0y} (1)
The attributes associated with each alternative can be represented as,

47



a= {0(1,0(2,, s Og_1,, oc[;,} (2)
Finally, the entire decision problem is represented using a decision matrix where the

basic representation of an alternative is expressed as, ¢ -
For example, ¢, , (o = oy, @ = ;) represents the first attribute of the second

alternative, whereas ¢, ; (@ = a,, @ = @;) represents the second attribute of the first
alternative (see Table 3).
Table 3

Decision-Analysis Matrix

. Attributes
Alternatives
O(L 0(2 A 0([3
1 Aq1,1 U2,1 a1
P2 1,2 3,2 ag2
©y Ay Ay - agy

This experiment applied TOPSIS separately on both cost and schedule data to
understand the deviation of modular construction strategies from the nonmodular ones.
The input variables for the cost data analysis were as follows:

C; = Project Definition Cost

C, = Project Engineering Cost
C5; = Project Management Cost
C, = Project Material Cost

Cs = Project Construction Cost

The input variables for the schedule data analysis experiments were as follows:
S; = Project Definition Duration
S, = Project Engineering Duration

S3 = Procurement Duration
S, = Construction Duration

48



Equations (1) and (2) were applied to the Praxis data set, and a sample decision
alternatives matrix for cost and schedule are shown in Tables 4 and 5, respectively.
Table 4

Primary Input Data for Cost Analysis

Cy Ca Cs Cy Cs
Modular Project 1 0.2369 0.4825 0.3463 1.556493  0.168
Nonmodular Project 1 0.11 0.12 0.07 0.82 0.08
Weight 0.20 0.20 0.20 0.20 0.20

Table 5

Primary Input Data for Schedule Analysis

S1 S S S4
Modular Project 1 5 7 8 8
Nonmodular Project 1 22.33 1.77 6.87 2.87
Weight 0.25 0.25 0.25 0.25

2) Transformation of the qualitative data into quantitative values

In real-life scenarios, MCDA problems often have both qualitative and
quantitative data. The TOPSIS method evaluates both types of datasets (Hwang & Yoon,
1995). The method uses quantitative data to analyze different criteria, whereas the
qualitative information is transformed into numeric values using an evaluation scale
(Hwang & Yoon, 1995). Table 6 shows typical numeric rankings for the TOPSIS method.
These rankings were not used in this study because the dataset was already in a

quantitative format.
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Table 6

Data Transformation Evaluation Scale

Qualitative Grade Numeric Grade
High 3
Medium 2
Low 1

3) Decision-matrix normalization

In general, there are benefits and cost attributes in the MCDA problems. To
measure all unit attributes equally, the TOPSIS method assigns a value to each attribute
alternative using the vector-normalization approach as a stage in the decision-making

process (Yue, 2011). The decision-matrix was normalized using the following formula:

Pa

/Z bap”

where, a (a = 1,2, ..., B) is the number of attributes and ¢ (¢ = 1,2, ...,7Y) is the number

$a,cp = (3)

of alternatives. Note that 0 < ¢_>a,<p < 1 denotes that the attribute can never be negative,
and its calculated value can goup to 1.

The costs and schedule data for each variable in the dataset for modular and
nonmodular projects were normalized using the vector-normalization approach with
Equation 3. Table 7 shows the information for a sample project. See Appendix F for the

dataset.
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Table 7

Normalized Data Matrix for Cost Analysis

Cq Ca Cs Cy Cs
Modular 0.9069932 0.9704375 0.9801758 0.8847323  0.9028605
Project 1 99 54 16 39 19
Nonmodular 0.4211450 0.2413523 0.1981296 0.4660994 0.4299335
Project 1 52 45 77 41 8

4) Weight assignment for the decision attributes

When constructing a sophisticated decision-analysis system, the decision
attributes are evaluated based on their impact on the decision-making process (Acufia-
Soto et al., 2021). In the TOPSIS method, each attribute is weighted with a numeric value
based on its importance (Acufia-Soto et al., 2021). The weighted normalized decision
attributes are generated using the following formula:

O = 0, Pa g 4)

Here, 0, ,is the ath weighted normalized decision attribute of the @th alternative and w,
is the weight of ath attribute. Note that 0 < w, < 1 defines that the weight of an attribute
can neither be negative nor exceed 1. Table 8 shows the result for Modular and
Nonmodular Project 1°s normalized data.
Table 8

Weighted Normalized Data Matrix for Cost Analysis

Cy C, Cs Cy Cs
Modular 0.2267483  0.2426093 0.2450439 0.2211830 0.2257151
Project 1 25 88 54 85 3
Nonmodular 0.1052862 0.0603380 0.0495324 0.1165248 0.1074833
Project 1 63 86 19 6 95
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5) Determination of the positive and negative ideal solution

The ideal value is defined as the best solution for a particular attribute among all
the alternatives (Soto et al., 2018). The TOPSIS method calculates the ideal value for all
decision-making attributes. For the best alternative criteria, the maximum value among
all the alternatives is the positive ideal value, whereas the minimum value is considered
the negative ideal value (Soto et al., 2018). For the beneficial outcome criteria, the
following formulas are used:

Positive Idea Value, O} = max(60, )
. ? e (5)
Negative Idea Value, O, = min(6,,)

Alternatively, for a nonbeneficial alternative criterion, the minimum value determines the
positive ideal value, and the maximum value gives the negative ideal solution. The
formulas for the nonbeneficial alternative are as follows:

Positive Idea Value, 0, = min(0,)
: - ' (6)
Negative Idea Value, 6, = max(6,,)

All the attributes in this data-analysis problem are nonbeneficial, meaning the
smaller the attribute’s value, the more beneficial the project is (Soto et al., 2018). Cost
and schedule are nonbeneficial attributes because low costs and short durations are
required to consider a project successful. Therefore, the positive and negative ideal values
for each attribute were calculated using Equation 6. Table 9 shows the results for

Modular Project 1 and Nonmodular Project 1’s ideal solution.
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Table 9

Ideal Solution Exploration

Cy Ca Cs Cy Cs

Positive 0.10528 0.06033 0.04953 0.1165 0.10748
ideal value 6263 8086 2419 2486 3395

Negative 0.22674 0.24260 0.24504 0.2211 0.22571
ideal value 8325 9388 3954 83085 513

6) Efficiency score calculation
Finally, 8, which is the Euclidean distance of an attribute from its negative ideal value
and 87 the distance from its positive ideal solution is calculated. For the alternative a the
Euclidean distance of the attribute ¢ from its negative and positive ideal solution is

calculated as,

s (7)

The distance for the modular and nonmodular projects from the positive and
negative ideal value were calculated using Equation 7, as shown in Tables 10 and 11.
Table 10

Distance of Modular Project from Ideal Solution

Gy Ca Cs Cy Cs

Distance from  0.01475 0.03322 0.0382  0.01095 0.01397
positive value 3032 2828 2476 3344 8743

Distance from
negative value

0 0 0 0 0
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Table 11

Distance of Nonmodular Project from Ideal Solution

Distance from
positive value

Distance from 0.01475 0.03322 0.0382 0.01095 0.01397
negative value 3032 2828 2476 3344 8743

After successfully locating the positive and negative ideal solutions for each
decision-making attribute, the TOPSIS system calculates the participants' performance or

alternatives. The efficiency of the alternative, a, is calculated as,

8a
BT ®)

Vo

The project's efficiency for modular and nonmodular cost and schedule strategies were
generated using Equation 8, as shown in Tables 12 and 13.
Table 12

Efficiency Calculation for Cost Data

Calculated Calculated Negative Efficienc
Positive Value Value Y
Modular Project 1 0.393965633 0 0
Nonmodular 0 0.393965633 1
Project 1
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Table 13

Efficiency Calculation for Schedule Data

Calculated Calculated Negative Efficienc
Positive Value Value y
Modular Project 1 0.237233192 0.189333197 0.443853997
Nonmodular 0.189333197 0.237233192 0.556146003
Project 1

3.5 ER Methodology

Construction projects involve qualitative and quantitative data where the
efficiency assessment parameters are not always precise and well-structured. As a result,
the forecasting model chosen needed to address ambiguity while making assessments
from multiple criteria. Additionally, based on the critical success factors (CSFs), any
method selected must analyze multiple decisions and account for both the user’s certainty
and uncertainty.

ER was used in this Praxis to create the predictive efficiency model. The
advantages and drawbacks to other MCDA techniques and the problem statement
requirements supported selecting an ER approach over other available frameworks. The
ER approach is a knowledge-based expert system (ES) model where the domain experts
collect the basic knowledge parameters (Yang & Singh, 1994; Yang & Sen, 1994). The
ER approach uses the Dempster-Shafer (D-S) theorem to combine input evidence while
analyzing the evidence alternatives (Sentz & Ferson, 2002) and can deal with all sorts of
uncertainties associated with the entire decision-making process (Corner & Kirkwood,
1996; Kirkwood, 1992, 1993; Yager, 1995). Thus, it aligned adequately with the Praxis

problem structure.
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3.6 ER Method Decomposed

There are several requirements to building an ER model. This section explains the
main requirements for implementing the ER method: the representation scheme and
knowledge representation parameters. The knowledge parameter includes domain
knowledge, degree of belief, relative weight, and uncertainty.

3.6.1 Representation Schema

The ER approach requires the assessment problem to be represented in a
hierarchical diagram (Yang & Singh, 1994). This multilevel attribute representation
diagram is known as the architectural theory diagram (ATD), where the general
assessment attributes are decomposed into its basic attributes (Johnson et al., 2006).
Figure 3 depicts the ATD used for this Praxis. See Appendix B for the meaning of each
letter.
Figure 3

ATD for Efficiency Predictive Model

Modularization

Engineering Modular Owner’s Supply Chain

Involvement

Contractor

& Logistics

The ATD (Figure 3) is a two-level efficiency forecasting model constructed with

general attributes (engineering, modular contractor, owners’ involvement, and supply-
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chain management (SCM) at the upper level and a set of basic attributes (A = {a_1, o 2,
a 3.....,a_L})atits lower level) where L=20.

In addition, the ER model requires N distinct evaluation grades A_n (n=1, 2..., N)
for assessing alternatives on all the attributes. The evaluation grades are represented as
follows:

A={A 1,A 2,A 3....0 N} 9)

3.6.2 Knowledge Representation Parameters

The ER methodology uses different mathematical concepts to design and develop
its assessment process. The framework uses set theory to represent the analysis problem;
the conceptual knowledge architecture probability theory is used to develop the domain
knowledge and input-acquisition structure; and D-S theory is used to construct the final
reason engine (Jiao et al., 2016).

In addition to domain knowledge, the ER approach also uses three additional
parameters: (a) degree of belief, (b) weight, and (c) uncertainty in its analysis (Yang &
Singh, 1994; Yang & Sen, 1994).

3.6.2.1 Degree of Belief

Degrees of belief represent the measure to which particular assertions are
perceived to be true (Huber & Schmidt-Petri, 2009). The higher a person's degree of
belief for a given option, the more confident they are in its veracity (Huber & Schmidt-
Petri, 2009). Quantifying the degree of belief is measuring the subject’s strength of
confidence in a proposition. Each degree of belief is associated with a real number in the
interval between 0 and 1, where 1 represents absolute confidence, and 0 represents no

confidence (Fassio & Gao, 2020).
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To understand the degree of belief in the ER approach, consider “chest pain” as
an attribute for a disease-assessment problem. Suppose the attribute “chest pain” is
assessed using three evaluation grades: severe, moderate, and poor. The user will provide
an input for each of the three grades based on their belief. For example, a user can
provide inputs for chest pain as, {(severe, 0.8), (moderate, 0.2), (poor, 0.0)}, which
means the user is 80% sure they have severe chest pain and 20% sure their chest pain
level is medium, whereas they do not believe their chest pain level is poor at all. These
inputs are called the user’s degree of belief. The degree of belief in the ER method can be
expressed as,

I, = {A, R} (10)
Here, I, represents the input for the attribute a under the evaluation grade A; {teR: 7 >
0} and degree of belief, R, {teR: T > 0}. Note that 0 < Y M_, R, < 1 defines the degree of
beliefs for all grades of an attribute, which can neither exceed 1 nor be negative (Yang &
Singh, 1994).
3.6.2.2 Attribute Weighting

Weighting determines how important an attribute is compared to other attributes
in the system; therefore, each attribute in the ER approach must be weighted with a
numerical value (Yang & Singh, 1994). The weight-assignment process in the ER
approach can be provided by domain experts or by analyzing historical data (Dragan et
al., 2018). In the ER approach, the weight of a basic attribute « is given as o 1 (1=1, 2...,
L)sothat 0 < w, <1 (Yang & Singh, 1994).

3.6.2.2.1 Weight Collection
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Because the ER method must be weighted with a numerical value, the nominal
group technique (NGT) method was used to gather weights from the domain experts. The
NGT is a behavioral group decision-making approach that involves a group of experts
deducing a reliable solution for decision problems and is a highly controlled small group
process for generating ideas or consensus development (Van de Ven & Delbecq, 1974).
Behavioral approaches necessitate interaction amongst experts in order to get some level
of agreement. As opposed to mathematical aggregation, where there are modifications
after the fact, these strategies achieve consensus aggregation as a by-product of the expert
judgment acquisition process (Szwed, 2016).

The group of participants in the Praxis was controlled in that they had to have
worked on the projects in the dataset for this Praxis, had at least 10 years of engineering
experience, and worked on at least two modular projects. The participants provided facts
about the projects rather than opinions on the information requested. This obviated the
need to arrange lengthy Institutional Review Board approval of the interview process.
Participants worked on seven of the 10 modular projects in the dataset and three of the
projects that were kept aside for validation. Appendix D presents the details of the
questions posed to these experts. The elicitation process used was as follows:

1. Introduction and Problem Explanation: After gathering the participants,
the facilitator explained the group's weight-allocation requirements. Weights
were assigned as follows: .25 to .45 was considered least important or
poor, .50 to.75 was considered average, and .80 to 1.00 was considered most

important (compared to the other attributes) or good.
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Individual Weight Allocation: Each participant was told to write down their
weights for the decision attributes.

Sharing the Allocated Weights: Each participant disclosed the weights they
assigned for each attribute.

Group Discussion: All participants discussed different attributes and their
importance on the decision-making process.

Agreement: The facilitator finally prioritized the weights for each attribute
through a voting process. The participants, one by one, voted for each
attribute's weight. The maximum voted weight was considered the outcome.

3.6.2.3 Uncertainty

This Praxis model evaluated information from multiple sources, which were not

always precise and complete. The imprecision or incompleteness of information typically

results in uncertainty, leading the forecasting model to generate an erroneous appraisal

score (Velasquez & Hester, 2013). The proposed ER approach groups uncertainty into

two distinct classes based on its origin (Corner & Kirkwood, 1996; Kirkwood, 1992,

1993; Yager, 1995).

1.

2.

Uncertainty due to incomplete information. This type of uncertainty occurs
during the attribute’s weight allocation when w ,<1; w , is the weight of the
attribute a (Corner & Kirkwood, 1996; Kirkwood, 1992, 1993; Yager, 1995).
Uncertainty due to incomplete degrees of belief. This type of uncertainty

occurs when YM_, 8, < 1; R, is the degree of belief of the evaluation grade T

(Corner & Kirkwood, 1996; Kirkwood, 1992, 1993; Yager, 1995).
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3.7 ER Approach Equations

The forecasting problem in the ER approach can be represented as follows:
(o t(® 6))={(A nB (nr)(® 0)),n=1,...,N; ==1,...,.L;0=1,.... M} (11)
where, I]J(o. T (® o)) denotes the efficiency of oth alternative ® o for tth attribute o, t
measured with the degree of belief B_(n,t) (® o) to the nth grade A _n. Note that B (n, 1)
> (. Additionally, multiple alternatives did not exist for this Praxis; thus, the system uses
only one alternative to produce the efficiency value, so ® ¢ =1.

To understand this framework, a step-by-step illustration of the ER approach with
numerical examples is shown as follows. The ER method follows an 8-step process to
calculate the utility value.

1. Model Preparation

The first step is to prepare the model for analysis, which has three steps:

I. Decompose the decision problem into attributes.

II. Assign relative weights w; to the basic attributes, ® 7 (t=1, 2..., L).

III. Define N distinctive evaluation grades. The grades used are good,
average, and poor.

2. Mass Generation

Next is the mass generation. To do this, suppose m,, ; is the basic probability
mass of tth attribute ;. The attribute a, supports the hypothesis that the general attribute
y of the alternative 6,1is assessed to the evaluation grade A,,. The probability mass m,, ; is
the measurement to what extent the attribute a, supports the hypothesis. The basic
probability mass of the attribute a, to the nth evaluation grade is calculated using,

my . = W¢ fgn,‘r (12)
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where, m,, ; is the probability mass of i basic attribute and B, ; is the degree of belief

provided by the user.

3. Uncertainty Calculations due to Weight and Belief

The next step is to calculate the first type of remaining uncertainty. Probability
mass generates the uncertainties involved in the system and is calculated by utilizing the
following formulas:

1) When there is an unassigned probability for the relative weight of the basic

attributes, the unassigned mass can be calculated as,
My =1—w,; (13)
i1) The probability mass unassigned to degree of belief for the basic attributes.

This type of unassigned mass can be calculated as,

N
gz = Or (Z B) (s
n=1

Finally, the total unassigned mass is calculated using,
My, = My + My (15)

4. Combined Probability Assignments for the General Attributes

The ER approach combines the probabilities of all the basic attributes of each
general attribute to compute the final assessment for the MCDA problem. Probability
masses in the MCDA models can be aggregated using several approaches like the
maximum values, minimum values, arithmetic averages, geometric averages, or harmonic
averages (Yager, 1995). However, because the ER approach utilizes the D-S algorithm to

combine the probability masses of all the basic attributes, the probability masses assigned
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to all the basic attributes of a general attribute can be aggregated recursively using the
following formula (Corner & Kirkwood, 1996; Kirkwood, 1992, 1993; Yager, 1995).

M 1e41) = Kieen) [Mai- Maret + M i) Marer + Myio) Mpgsn]; n=1.. N (16)
where K is the normalization factor. It normalizes the combined mass so that 0 <

My z+1) < 1. K can be calculated as,

KI(‘L’+1) =[1- Itv=1 Z?Izl,jitmt,l(‘r)'mj,‘r+1] 11 ={12.,L-1} (17)
Figure 4 shows the aggregation process.
Figure 4

ER Aggregation Process

Evidence for Basic Attribute 1 Combined Evidence for Attribute 1&2 Evidence for the
General Attribute

Evidence for Basic Attribute 2 Evidence for Attribute 3

5. Incomplete Assessment of Utility Interval
This method is used to evaluate uncertainty constantly. In this step, after
completely combining all the attributes in groups of two, the uncertainty due to
incomplete weights is calculated using:
mH,I(‘L'+1) = Kl(r+1) [mH,I(r)-mH,T+1] (18)
Then, uncertainty due to an incomplete degree of belief is calculated using:
My 1r+1) = Kien) [mH,I(‘L’)'mH,T+1 + My 1(r)- My 141
+ gy 12y Mgy 1] (19)
Finally, the total uncertainty associated with the system is calculated as:
Myt = 77111,1(1) + My (1) (20)

Note that Z,’Ll My 1(z) T My 1z) = 1.
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6. Belief Degree Normalization

The ER approach then normalizes the calculated masses to generate the degree of
belief for the general property. The mass normalization is accomplished utilizing the
following formula:

My,1(L)
B, = O

= — ;n=1,2,...,N (21)
1—my,q
Similarly, the calculated uncertainty associated with the assessment process is normalized

as:

My 1)
e

= — (22)
1—my,q)
7. Utility Calculation

The expected utility of a system P under the assessment grade A,, is calculated

using the following linear function:

N
u(P) = ) fnuhn) 23)
n=1

The utility function in MCDA problems determines the system’s efficiency.

8. Model’s Utility Interval

The assessment model's utility interval must be established when the assessment
model encounters uncertainty due to the vagueness of information and the expected
utility generation is not confirmed. The maximum, minimum, and average utilities of the

model P can be calculated using the following formula:

umaX(P) = z :Bn u()\n) + (.Bn + BH) uO\N) (24)
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N
tmingey = By + B0 + ) i uChy) 25)
n=2

Uang (7) = max . min (26)

3.8 Data Collection ER Method

The data for this method was collected in two parts. The first approach was the
domain knowledge acquisition from the literature review; the second approach was
historical knowledge gathered from executed modular projects by Company A.

During a wide-ranging literature review on modular project success factors,
domain knowledge was leveraged to understand the CSFs for modular projects. The
CSFs were then collected and used to create the ER model’s foundation. The CSFs were
then divided into four primary critical success factors (PCSFs). Each PCSF was then
decomposed into five basic sub-attributes.

The weights for each success factor were then collected from historical
knowledge using the NGT method. With the NGT, experts make judgments first
independently and then agree to consensus weights. Two domain experts per domain
determined the attributes' weights. Experts had at least 10 years of professional
experience in modular and nonmodular project development. They all worked on the
modular capital projects in the dataset.

3.9 ER Prototype Development

The model was developed using domain knowledge of CSFs. Using Wuni and
Shen's (2020) principal success factoP$F) modeling technique highlighted in their
research, the Praxis was divided into four PCSFs: (a) engineering, (b) SCM, and logistics,

(c) modular contractor, and (d) owner's involvement. Through research by Wuni and

65



Shen (2020), O'Connor et al. (2014), and many others, the four PCSFs were further
decomposed into five sub-attributes as shown on the ATD.

The model's implementation involved the construction of a knowledge-expression
matrix and knowledge-manipulation algorithms. The system's basic knowledge-
expression matrix was developed from domain knowledge, whereas the literature review
and domain experts provided the attributes' weights. The aggregation engine was
developed using the D-S algorithm. The following section highlights the steps taken in
building the ER model.

1. System Architecture

The first step was developing the system’s architecture. The system has several
components that interact with each other very closely to make the system operational.
The system’s components were divided into three structural layers (presentation,
application, and data management), as depicted in Figure 5.

Figure 5

Structural Design of the System Components

Presentation Layer Application Layer Data Processing

Knowledge base Attribute Weights

Reasoning Engine

Domain Knowledge

QOutput
Efficiency

Assessment System

2. Reasoning Engine
Next, the system-reasoning engine, the model’s decision-making kernel, was

developed using the D-S theory. The D-S theory combines the probability of the basic
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attributes under a general attribute. Then, the combined probabilities were normalized
and displayed as the final degree of belief for a modular project's efficiency. Figure 6
depicts the reasoning engine.

Figure 6

Reasoning Engine

» Start

I

¥

Collect necessary information

Generate probability mass

Aggregate evidences

Have all evidences been

considered?

Normalize combined belief

degrees to consequences

¥
| Calculate Modular Efficiency ‘

¥

[ ]

3. Implementation Technology

Next, the system was implemented using Python (version 3.7) in the Google
Colab notebook. The ER method’s eight steps were programmed in Google Colab.

4. Input Acquisition and System Output

Next, the user’s input was collected. In this system, the inputs are collected for the

basic attributes only. The system uses three grades (good, average, and poor) to evaluate

67



each attribute. The user inputs a value on a scale of 0 to 1 for their belief on each of the
attribute grade levels in the Google Colab console for a total of 60 input values. Once the
user provided all the required inputs, the program provides an efficiency value for the
project. Figure 7 shows a sample output graph from the model. See Appendix E for a
sample input acquisition table.

Figure 7

Sample Output Graph
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Average Utility: ©.6677988597712251
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3.10 Sensitivity Analysis Method
The Morris method was utilized to analyze the system’s sensitivity. To set up the

experiment, the inputs were kept constant, while the weights were continuously changed
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each time, and the output was recorded to determine how sensitive the system was to its

attributes' weights. The SA process used was as follows:

1.

The original weights collected from the domain experts were used to
determine the system’s output.

Then, the weights of the basic attribute for “engineering” were changed, and
the output was recorded while weights of all other attributes were left
unchanged.

Then, the weights of the basic attributes for “contractor” were changed, and
the utility was calculated. This time, the previously changed weights were
moved to their original values.

This process continued to record the utilities for the last two general attributes:
“supply chain and logistics” and “owner’s involvement.” For each general
attribute, the weights were decreased twice by 0.05 and then increased twice
by 0.05 from the original value.

Finally, the weights of all the general attributes were decreased twice, and the

outputs’ changes were recorded.

After changing the weights each time, the generated outputs were used to

calculate the system’s accuracy. A confusion matrix was then used to evaluate the

system's accuracy, sensitivity, and specificity, while receiver-operating characteristics

(ROCs) were used to visualize it. See Appendix J for the sensitivity analysis data.

3.11 Verification and Validation

Validation of a model establishes the model's degree of confidence; therefore,

model validation is an essential step in justifying a model’s validity (Begueria, 2006).
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The model for this Praxis was a knowledge-based ES and not a conventional data-driven
system. Consequently, the best method to validate such systems was to evaluate the
classification accuracy (Begueria, 2006). Thus, a synoptic validation was used (i.e.,
checking that an acceptable output was achieved for each set of inputs, along with total
model performance).

Where no or limited case studies are available to validate an ES, developers will
often verify the system with randomly generated data (see Appendix I). Then, credibility
is used as a complete surrogate measure to answer the following question: Is the system
reliable to the experts, developers, and potential customers? (O’Keefe et al., 1987).
Additionally, consistency measures are considered the best validation method where no
or small datasets exist (O’Keeffe et al., 1987). Thus, the verification of this model
comprised part of the model validation process.

Many ESs, such as this Praxis model, produce categorical results. Such
consistency measures are a valuable analysis method when the model and known results
are used as two separate raters (O'keefe & O'leary 1993).

The most valuable consistency metric is the kappa statistic, initially developed by
Cohen in 1960; it assesses agreements by category (O'keefe & O'leary 1993). Hickam et
al. (1985) used this method to validate an oncology protocol management ES, named

ONCOCIN. The K statistic is calculated using Equation 27 (Chicco et al., 2021).

B 2+(TP*TN—FN*FP)
K= (TP+FP)*(FP+TN)+(TP+FN)*(FN+TN) (27)

Based on literature regarding validating ESs, this Praxis used the confusion matrix
technique for additional validation and visualized the results using ROCs. The confusion

matrix is a widely used validation technique in machine learning for supervised
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classification or determination of the behavior or classification models (Hasnain et al.,
2020). The matrix is used to measure a model's accuracy with a comparison of predicted
values with actual values (Lantz, 2015; Mailund, 2017). The confusion matrix offers
several advantages over linear regression and error indices: It is more robust than other
data-distribution methods, performs a rigorous validity review, and provides additional
information on the type and origins of errors (Ruuska et al., 2018). The value of the
consistency measure k statistic was then calculated along with the model’s performance
and accuracy values from the confusion matrix.

In an ideal world, many documented previous cases representing works from
several experts on a complete range of problems would be available for use in validation.
Unfortunately, only small samples are typically available in the real world (O’Keefe et
al., 1987). O’Keefe et al. (1987) specified that the number of cases used for validation
affected the confidence level placed on the system’s validity. However, they also stated
that the law of large numbers did not apply to ES validations; instead, they purported that
the issue is not in the number of test cases but in how well they reflect the input domain.
Consequently, to validate this Praxis system, three projects’ data were used. The system
generated efficiency values for the three truth projects, which were then used to create a
confusion matrix. Table 14 shows the results of the system output for the model

validation projects.
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Table 14

Model Project Validation Outputs

Project  Good  Average  Poor Utility

1 0.82 0.178 0.0009  0.9097
2 0.9656  0.0334 0.00086 0.98
3 0.926 0.072 0.0015 0.96

A confusion matrix has four measures: true positive (TP), true negative (TN),
false positive (FP), and false negative (FN); Rajalakshmi & Aravindan, 2018). These
measures are used to calculate a model's sensitivity, specificity, and accuracy (Hasnain et
al., 2020).

The following equations were used to create the confusion matrix:

Precision = L 28
recision = TP (28)
N ive Predi lue = —— 2
egative Predicted Value TN+ FN (29)
Sensitivit Recall = L TPR (True Positive Rat 30
ensitivity or Recall = TPTFN (True Positive Rate) (30)
Specificity = ™ 31
pecificity = TN+ FP (31)
TP + TN
Accuracy = (32)

TP + TN + FP + FN

2 x (precsion x recall)

F1 Score or Performance = (33)

Precsion + Recall

The confusion matrix values were inputted in IBM SPSS v20 to generate the ROC
curve. Table 15 shows the results of the confusion matrix created from validating this

model.
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Table 15

Confusion Matrix for Model Validation

Validation

. _ Predicted Positive Predicted Negative
Projects =3
.\ True Positive False Negative (FN)=0  Sensitivity = TP/(TP+FN)
Actual Positive (TP)=2 Type 11 Error —2/(2+0)=1
False Positive o e
Actual Negative (FP)=0 True Negative (TN)=1 Sp ec1ﬁf1ty—TN/£TN+FP)
=1/(1+0)=1
Type I Error
Precision= Negatcfaehll);idlcted Accuracy=
TP/(TP+FP) TN/(TN+FN) (TP+TN)/(TP+TN+FP+FN)
=2/(2+0)=1 —1(140)=1 =(2+1)/(2+1+0+0)=1

The mean absolute percentage error (MAPE) was used to calculate the accuracy
of the manually forecasted data in the modular dataset. According to surveys, MAPE is
the most extensively utilized predictability measure by businesses. (Tofallis, 2015). The

MAPE was calculated using,

n a—>b
R
MAPE = — 100% (34)

where a is actual data, b is result data, and n is the amount of data (Prayudani et al.,
2019).
The actual forecasting accuracy was then calculated from the MAPE (Goodwin &
Lawton, 1999).
Accuracy =1 — MAPE = 100% (35)
Once the actual project accuracy was calculated, it was then compared against the

system-generated efficiency accuracy.
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To convert the system-generated efficiency value to project costs, the unitary

method was as shown (Srivastav, 2017) in Equation 36:

Initially Estimated CostxSystem Generated Ef ficiency
Actual Predicted Ef ficiency

System estimated cost = (36)

Finally, to confirm H1 and H2, a normality test was run on a sample size of the
efficiency-analysis results data. Once normality was confirmed, an Unpaired T-test was
used to evaluate if the null hypothesis will be accepted or rejected. For H3, a non-
parametric test, the Wilcoxon test, was used to evaluate if the null hypothesis will be
accepted or rejected. Therefore, this Praxis performed a model verification, sensitivity
analysis, and ROC analysis with Exact 95% Confidence to validate the model. Then used

the confusion matrix method for model accuracy, consistency, sensitivity, and specificity.

3.12 Conclusion
This chapter summarized the methodology used to analyze modular and
nonmodular project data and develop the predictive model for modular projects’ cost
efficiency. The prediction model was created based on expert data and a collection of
domain knowledge of CSFs to execute a modular project. Various tests validated the
model to confirm its viability and applicability. The results of these tests are discussed in

Chapter 4.
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Chapter 4: Results

4.1 Introduction
This chapter provides a clear interpretation of the analysis results for
implementing modular strategies and the effects of modularization on project costs and
schedules. The chapter shows the results of applying the research methodologies
discussed in Chapter 3 to the raw data in Appendices F and G. Descriptive statistics were
used to interpret the output from the technique for order of preference by similarity to
ideal solution (TOPSIS) method to form conclusions and answer the Praxis hypotheses.
Additionally, a confusion matrix, mean absolute percentage error (MAPE) forecasting,
and sensitivity analysis (SA) were used for the predictive model to validate and interpret
the model’s output. Finally, the model’s performance was compared against manual
performances to answer the hypotheses.
4.2 Hypotheses
This Praxis was developed to test the following hypotheses:
H1: Cost
= Ho: Modularization in the oil and gas industry does not consistently decrease
construction projects' costs by at least 20% compared to Nonmodular projects.
* Ha: Modularization in the oil and gas industry consistently decreases

construction project costs by at least 20% compared to Nomodular projects.

H2: Schedule
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= Ho: Modularization in the oil and gas industry does not consistently decrease
construction projects' duration by at least 50% compared to nonmodular
projects.

* Ha: Modularization in the oil and gas industry consistently decreases
construction projects' duration by at least 50% compared to nonmodular
projects.

H3: Efficiency

= Ho: A predictive efficiency model can improve the cost prediction to within
10% of the actual cost.

» Ha: A predictive efficiency model cannot improve the cost prediction to within
10% of the actual cost.

4.3 TOPSIS Analysis Results

An analysis of cost and schedule data in Appendices F and G, respectively, was
conducted to understand the efficiency of modular and nonmodular strategies in
construction projects in terms of cost and schedule. The cost and schedule data collected
from different construction projects were used to analyze modular projects' cost and
schedule efficiencies compared to nonmodular projects. The cost and schedule
efficiencies for different modular and nonmodular projects were analyzed by applying the
TOPSIS method to different construction projects' cost and schedule data.

Tests for both schedule and cost data were conducted to confirm the hypotheses.
The data were tested for normality because parametric tests presume that the underlying
population data has a normal distribution (Ali & Bhaskar 2016). To evaluate if the means

obtained by two independent samples are significantly different, an Unpaired t-test is
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used (Ali & Bhaskar 2016). A T-test compares the differences between the means of two
groups (Rietveld & van Hout, 2017).

To perform an Unpaired T-test assuming equal variances, the data must have
equal variances, the data should be independent of one another, and the data should be
normally distributed (Ali & Bhaskar 2016).

Other hypothesis tests were not used because the Z-test, the variance or standard
deviation must be known. The Chi-Square test applies to categorical features. In contrast,
the ANOVA test works on one or more categorical features, or categorical features with
more than one category, along with numerical data (Wang et al., 2010). Thus, the
Unpaired T-test was the best option to test the Praxis hypotheses.

4.3.1 TOPSIS Cost Analysis

To answer Research Question 1 (Does modularization in the O&G industry
consistently decrease costs of construction projects?) and prove Hl (Modularization in
the O&G industry does not consistently reduce the costs of construction projects by at
least 20% compared to nonmodular projects), a TOPSIS analysis was done on the past
projects’ datasets (see Appendix F). Using the TOPSIS method the efficiencies, 10
modular projects were compared against 109 nonmodular projects to analyze and
understand the efficiency difference of modular and nonmodular strategies in terms of
project costs. Then, the mean efficiency difference between modular and nonmodular

projects was calculated. Figure 8 shows the results of these tests.
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Figure 8

Test Results of Cost Analysis

Modular Vs Nonmodular Cost Efficiency
1.2

[EN

o
[

o
()]

©
IS

Efficiency

o
[N}

1 T TTITTTOTTITIO T AT AT TE T L OV T O IO L LT T T I L L LT LT LTI T L L L LT LI T T T T L L L L I T L O T T T e T LT
— 00 1N N O O o < VN ANO O WU AN OO < 0 wn o
— N AN M N (o} — o N O ™~

o

I
— on O N i [e)JNe}
NN 0 Oy Oy O — on < < (o] o0 00 O

T T
[a2] N~
< LN

103

Test Number

B Modular Efficiency B Nonmodular Efficiency

Figure 8 is a plot of the nonmodular project efficiencies versus modular project
efficiencies. There is an inverse relationship between both variables because the total
efficiency must always equal 1 or 100%. Therefore, when a nonmodular project’s
efficiency is, for example, .4 or 40%, then modular efficiency is .6 or 60%, totaling 1 or
100%. The graph shows that nonmodular projects have more bars closer to 1 than
modular projects. Table 16 is derived from calculating the average modular efficiencies
produced by the TOPSIS analysis.

Table 16

Mean Cost Efficiency of Modular and Nonmodular Projects

Modular Cost Efficiency Nonmodular Cost Efficiency Efficiency Difference
0.333925475 0.673648278 0.34
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As demonstrated in Table 16, the mean cost efficiency shows that modular
projects are 34% less cost-efficient than nonmodular projects. Consequently, it can be
inferred that modularization in construction projects does not consistently decrease
construction costs.

To further confirm this assertation, a hypothesis test was done for H1. First, a
sample of the data was tested for normality. Tables 17, 18, and 19 and Figures 9 and 10
show the results. For the nonmodular cost-data sample, the calculated skewness was
- 0.231, which lies in between -0.5 to 0.5. Based on the skewness value, the data were
fairly symmetrical. The calculated kurtosis was -0.324; a kurtosis value less than 3 means
the tails are thinner than the normal distribution. Additionally, the distribution’s peak was
lower, meaning the data are light-tailed or lack outliers (Bai & Ng, 2005).

For the cost-modular data, the skewness was calculated to be -0.172, and kurtosis
was -.813. Therefore, the modular sample data distribution is fairly symmetrical, and the
tails are thinner than the normal distribution.

Furthermore, the significance value was calculated using the Shapiro-Wilk
method. The significance values for modular and nonmodular parameters were calculated
as 0.243 and 0.702, respectively, which are greater than 0.05. Therefore, the null
hypothesis for the normality test stating the sample data is from a normal distribution

cannot be rejected.
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Table 17

Cost Efficiency Modular Data Normality Test Results

Descriptives
Std.
Statistic ~ Error
Modular Mean 0.4693 0.03679

95% Lower 0.3951
Confidence Bound
Interval for Upper 0.5435
Mean Bound
5% Trimmed Mean  0.4730
Median 0.4800
Variance 0.060
Std. Deviation 0.24405
Minimum 0.00
Maximum 0.89
Range 0.89
Skewness -0.172 0.357
Kurtosis -0.813 0.702
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Table 18

Cost Efficiency Nonmodular Data Normality Test Results

Descriptives
Std.
Statistic Error
Nonmodular Mean 0.6180 0.03278

95% Lower 0.5518
Confidence  Bound
Interval for  Upper 0.6841
Mean Bound
5% Trimmed Mean 0.6230
Median 0.6050
Variance 0.047
Std. Deviation 0.21745
Minimum 0.09
Maximum 1.00
Range 0.91
Skewness -0.231 0.357
Kurtosis -0.324  0.702

Table 19

Cost Efficiency Data Normality Test Results

Tests of Normality

Kolmogorov-Smirnov? Shapiro-Wilk
Statistic df Sig.  Statistic  df Sig.
Modular 0.067 44 200" 0.967 44 0.243
Nonmodular 0.057 44 200" 0.982 44 0.702

The graphs in Figures 9 and 10 confirm that the cost data for the modular and

nonmodular projects follow a normal distribution.
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Figure 9

Modular Cost Efficiency Data Normality Test Results
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Given that the data passed the test for normality, a parametric hypothesis test was
needed to test H1. Thus, an Unpaired T-Test was performed for the costs data using the
efficiency results dataset. Table 20 presents the results.

Table 20
Unpaired T-test Costs Hypothesis Testing Result

t-Test: Two-Sample Assuming Equal Variances

Modular Non-Modular
Efficiency Efficiency
Mean 0.668362518 0.673648278
Variance 0.051358806 0.125597911
Observations 10 109
Pooled Variance 0.119887211
Hypothesized Mean
Difference 0
df 117
t Stat -0.046202001
P(T<=t) one-tail 0.481614008
t Critical one-tail 1.657981659
P(T<=t) two-tail 0.963228015
t Critical two-tail 1.980447599

The Unpaired T-test yielded a p-value of 0.963, which is greater than 0.05;
therefore, the null hypothesis stating modularization in the O&G industry does not
consistently reduce the costs of construction projects by at least 20% compared to
nonmodular projects cannot be rejected. The hypothesis test assessed the evidence in the
Praxis sample data and found the results not to be statistically significant. The test failing
to detect an effect means the sample contained insufficient evidence to conclude that it
exists. Thus, this research does not support the literature that states modular projects
would reduce projects’ costs by 20%. The analysis concluded there was not enough

evidence to move the hypothesis test from the default position that the null is true.
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4.3.2 TOPSIS Schedule Analysis

To answer the research question (Does modularization in the O&G industry
consistently decrease the schedule of construction projects?) and prove H2
(Modularization in the O&G industry does not consistently reduce the duration of
construction projects by at least 50% compared to nonmodular projects), a TOPSIS
analysis was done on the past projects’ datasets (see Appendix G).

Using the TOPSIS method, the efficiencies of 10 modular projects were compared
against 109 nonmodular projects to analyze and understand the efficiency difference of
modular and nonmodular strategies in terms of project schedules. Then, the mean
efficiency difference between modular and nonmodular projects was calculated. Figure
11 shows the test results.

Figure 11 is a plot of nonmodular project efficiencies versus modular project
efficiencies. Like the cost analysis, there is an inverse relationship between both
variables—modularity and nonmodularity—thus, the efficiency must always sum up to 1.
Therefore, when the nonmodular project’s efficiency is 0.4, the modular efficiency will
be 0.6, totaling 1. The graph shows that nonmodular projects have more bars closer to 1

than modular projects.
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Figure 11

Test Results of Schedule Analysis
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The mean efficiency of modular and nonmodular projects was calculated to
further understand the efficiency difference of modular and nonmodular strategies in
terms of project schedules. Table 21 shows the results.

Table 21

Mean Schedule Efficiency of Modular and Nonmodular Projects

Modular Efficiency Nonmodular Schedule Efficiency Difference
Efficiency
0.330169849 0.669830151 0.34

The mean schedule efficiency as demonstrated in Table 21 shows that modular

projects are 34% less efficient compared to nonmodular projects in terms of project
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duration. Therefore, modularization in construction projects does not always consistently
decrease the construction duration.

To further confirm this assertation, a hypothesis test was done for H2. First, the
data were tested for normality, and the results are illustrated in Tables 22 and 23 and
Figures 12 and 13. The normality test for nonmodular schedule data revealed a skewness
value of -0.409 and a kurtosis of 0.569. The skewness and kurtosis for the modular
projects were measured at 0.409 and 0.569, respectively. Consequently, the distribution is
fairly symmetric for both modular and nonmodular data, with the tails being thinner than
the normal distribution.

The P-value for the modular and nonmodular schedule sample was calculated to
be 0.325, which is greater than 0.05. Therefore, the null hypothesis stating the sample
data are coming from a normal distribution cannot be rejected.

Table 22

Schedule Efficiency Data Normality Test Results

Tests of Normality

Kolmogorov-Smirnov? Shapiro-Wilk
Statistic Df Sig.  Statistic  df Sig.
Modular 0.082 68 200" 0.980 68  0.352
Nonmodular 0.082 68 200" 0.980 68  0.352
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Table 23

Schedule Efficiency Data Normality Tests Results

Descriptives

Statistic  Std. Error

Modular Mean

0.5714  0.22120

95% Confidence Interval for Lower 0.5272
Mean Bound
Upper 0.6155
Bound
5% Trimmed Mean 0.5763
Median 0.6035
Variance 0.033
Std. Deviation 0.18242
Minimum 0.06
Maximum 0.98
Range 0.92
Skewness -0.409 0.291
Kurtosis 0.569 0.574
Descriptives
Statistic  Std. Error
Nonmodular Mean 0.4286  0.02212
95% Confidence Interval for Lower 0.3845
Mean Bound
Upper 0.4728
Bound
5% Trimmed Mean 0.4237
Median 0.3965
Variance 0.330
Std. Deviation 0.18242
Minimum 0.02
Maximum 94,
Range 0.92
Skewness 0.409 0.291
Kurtosis 0.569 0.574
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The graphs in Figures 12 and 13 confirm that the schedule data for the modular
and nonmodular projects follow a normal distribution.

Figure 12

Nonmodular Schedule Efficiency Data Normality Test Results
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Figure 13

Modular Schedule Efficiency Data Normality Test Results
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Given that the data passed the test for normality, an Unpaired T-test for H2 was

performed using the efficiency result dataset. Table 24 shows the results.

Table 24
Unpaired T-Test Schedule Hypothesis Testing Results

t-Test: Two-Sample Assuming Equal Variances
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Modular Non-Modular

Efficiency Efficiency
Mean 0.532117435 0.669358651
Variance 0.06071657 0.075831069
Observations 10 109
Pooled Variance 0.074668415
Hypothesized Mean Difference 0
df 117
t Stat -1.520042953
P(T<=t) one-tail 0.065599017
t Critical one-tail 1.657981659
P(T<=t) two-tail 0.131198035
t Critical two-tail 1.980447599

With a p-value of 0.1311, which is greater than 0.05, the significance level, we
fail to reject the null hypothesis (Modularization in the O&G industry does not
consistently reduce the duration of construction projects by at least 50% compared to
nonmodular projects). The hypothesis test assessed the evidence in the Praxis sample data
and found the results not to be statistically significant. The test failing to detect an effect
means the sample contained insufficient evidence to conclude that it exists. Thus, this
research does not support the literature that states modular projects would reduce
projects’ durations by 50%. The analysis concluded there was not enough evidence to
move the hypothesis test from the default position that the null is true.

4.4 Verification and SA Results
Given that the model generated for this Praxis is an expert system, and a
small dataset was available for validation, a model verification was performed as
recommended by O’Keefe et al. (1987) when dealing with small validation datasets. The
model’s verification was done with randomly generated data (see Appendix I). Fifty test
runs were performed with 60 randomly generated inputs each time. Figure 14 shows the

results. The results show that the system utility values varied with changes in the inputs,
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as expected. Based on these results, an SA was then conducted to understand how the
attributes reacted to weight changes.
Figure 14

Model Verification Utility Results
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The Praxis ER predictive-efficiency model was tested for sensitivity with 17
randomly generated data (see Appendix J) using one-at-a-time (OAT) and global
sensitivity analysis (GSA) techniques. The weights of the basic attributes were decreased
twice by 0.5% and later increased twice by 0.5% OAT (see Appendix J). The general
attributes’ weights were also decreased twice by 0.5%. The inputs were kept constant
while the weights were changed, and the output was recorded each time. Due to the
weight changes, the efficiencies of the systems for different modular projects were found
to be different, which indicated the system was sensitive to its attributes' weights. This
means any weight changes fluctuate the model’s output (Balaman, 2019). For example, if
the attributes’ weights increase or decrease, the system’s efficiency changes. Therefore,
the attributes’ weights have a direct impact on the system’s accuracy. Figures 14 and 15

show the results of the SA.
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Figure 15

ER Model SA Results for General Attributes
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Using the graphs in Figures 15 and 16, it was noted that the system’s performance
varies and often remained less than 1.0 when the weights changed; therefore, the system
is sensitive to its attributes’ weights. However, the owner’s involvement attributes do not
show a major variation in their performance due to the changes in their weights. This
means the system is not equally sensitive to all its attributes’ weights. For the owner’s
involvement, all the basic attributes are equally weighted; thus, the SA revealed they are
not affected by weight variations.

To further understand the system’s sensitivity to its attributes’ weights, the
receiver operating characteristic (ROC) curve was generated using IBM SPSS Statistics

Software v.25.
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Figure 16

ER Model SA for Basic Attributes
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Higher values of the test result variable(s) are evidence for a positive actual state.
Table 25 shows 13 positive outcomes and four negatives; thus, the evidence supports a
positive actual state. The positive actual state determines the system’s maximum
efficiency. When both the sensitivity and specificity are measured at 1.0 or 100%, the
system’s positive actual state is 1.0 as is the case here. Figure 17 shows the ROC curve

that SPSS generated, and Table 26 shows a tabular result of the ROC analysis.
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Table 25

Case Processing Summary for SA

Outcomes Valid N (list wise)
Positive 13
Negative 4

Figure 17

Model Sensitivity ROC Curve
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The ROC curves in Figure 17 visually represent the sensitivity and specificity of
the basic and general attributes. This diagram shows how the weight variations affect the
system’s performance. The test’s accuracy depends on the resulting points' location on

the ROC curve in relation to the ideal position; the closer it is, the better. Whereas points
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closer to the ROC curve diagonal indicate a less accurate test (Zhu et al., 2010). In Figure
17, the system has a state value of 1, meaning the lines closer to the left and top have the
better efficiencies, and the further the lines are from the left and the top, the worse their
efficiencies get.

The graph in Figure 17 shows the blue line for the “actual weights™ lie entirely on
the left and top border of the graph, which means all the observations are either TP or
TN; thus, the area under the curve (AUC) is 1. It is a similar outcome for the “contractor”
and “supply chain and logistics” attributes when the weights of their basic attributes
increase by 1%. Similarly, when their weights increase by 0.5%, it also results in TP
values or TN values.

Moreover, for the “owner’s involvement” attribute, it also always returns true
results (TPs and TNs) regardless of the change in its weight. Therefore, any changes in
the weights for the “owner’s involvement” attributes do not show any changes in its AUC
(i.e., the AUC is always 1). Thus, its value always lies on the left and top border of the
ROC.

In summary, the “contractor” and “supply chain and logistics” attributes all lie on
Point 1 of the y-axis; thus, they have an AUC of 1, and all their observations are true
cases (TP and TN). For points that deviate from the ideal point, it means a FN or FP was
observed in their results, like for the “engineering” attributes. Several different variations
of FP and FN resulted in the zig-zag representation of lines on the ROC curve. Appendix
J shows the data used to graph the ROC.

Table 26 shows the results for the AUC. The closer the area is to 1, the better the

efficiency of that attribute. When the contractor’s weight increases by 0.05 or the owner
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involvement’s weight decreases by 0.10, at least one tie is generated between the positive

actual-state and the negative actual-state groups. Consequently, when there is an increase

in the contractor’s weight by 0.05 and a decrease in the owner involvement weight by

0.10, then the next threshold value will move in multiple directions. Thus, it becomes

ambiguous whether the line from the last point to the next one should be drawn

horizontally, vertically, or vice versa. This occurrence may bias the statistical result.

Table 26
AUC Results
Test Result Variables (Weights) AUC Std. Asymptotic Asymptotic 95%
Error® Sig.® Confidence Interval
Lower Upper
Bound Bound
Actual 1.000 0.000 0.003 1.000 1.000
Engineering Decreased by 0.05 1.000 0.000 0.003 1.000 1.000
Engineering Decreased by 0.10 1.000 0.000 0.003 1.000 1.000
Engineering Increased by 0.05 1.000 0.000 0.003 1.000 1.000
Engineering Increased by 0.10 1.000 0.000 0.003 1.000 1.000
Contractor Decreased by 0.05 1.000 0.000 0.003 1.000 1.000
Contractor Decreased by 0.10 1.000 0.000 0.003 1.000 1.000
Contractor Increased by 0.05 0.933 0.067 0.011 0.802 1.000
Contractor Increased by 0.10 1.000 0.000 0.003 1.000 1.000
Supply Chain & Logistics 0.808 0.171 0.070 0.473 1.000
Decreased by 0.05
Supply Chain & Logistics 0.808 0.171 0.070 0.473 1.000
Decreased by 0.10
Supply Chain & Logistics 1.000 0.000 0.003 1.000 1.000
Increased by 0.05
Supply Chain & Logistics 1.000 0.000 0.003 1.000 1.000

Increased by 0.10
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Test Result Variables (Weights) AUC Std.  Asymptotic Asymptotic 95%

Error® Sig.° Confidence Interval

Lower Bound  Upper

Bound

Owner’s Involvement Decreased by  1.000  0.000 0.003 1.000 1.000
0.05

Owner’s Involvement Decreased by  0.769  0.201 0.113 0.375 1.000
0.10

Owner’s Involvement Increased by 1.000  0.000 0.003 1.000 1.000
0.05

Owner’s Involvement Increased by 1.000  0.000 0.003 1.000 1.000
0.10

General Attribute Decreased by 0.05 0.942  0.063 0.009 0.819 1.000

General Attribute Decreased by 0.10  0.904  0.094 0.017 0.719 1.000

Note. AUC = Area Under the Curve.

A good model typically has a specificity or sensitivity of 1 (Saltelli et al., 2004).
Table 27 shows that the system’s sensitivity and specificity deviated from the expected
value (1.0) due to changes in the attributes’ weights. However, both the sensitivity and
specificity remain at 1.0 for the attributes of owner’s involvement despite the changes in
their weights. Therefore, the SA results can be interpreted as the system is sensitive to its
attributes’ weights depending on the attributes’ importance. If all the attributes under a
general attribute are equally important, the system will not be sensitive to its weights.
This result revealed that when the optimum weights for the model’s attributes are
selected, the model can handle the weight sensitivity. Thus, the weight-selection process
is critical to creating the ideal model. Additionally, the analysis revealed that any

fluctuation from the optimum weight decreases the system’s accuracy.
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Table 27

Sensitivity and Specificity for Different Attributes’ Weights

Test Result Variables Sensitivity  Specificity
Test Run with Actual Weights 1 1
Decreasing Attributes' weights by 0.05 For Engineering 0.92 1.0
Decreasing Attributes' weights by 0.10 For Engineering 0.92 1.0
Increasing Attributes' weights by 0.05 For Engineering 0.92 1.0
Increasing Attributes' weights by 0.10 For Engineering 0.92 1.0
Decreasing Attributes' weights by 0.05 For Contractor 0.92 1.0
Decreasing Attributes' weights by 0.10 For Contractor 0.92 1.0
Increasing Attributes' weights by 0.05 For Contractor 0.846 1.0
Increasing Attributes' weights by 0.10 For Contractor 1.0 1.0
Decreasing Attributes' weights by 0.05 For Supply Chain 1.0 0.75
&Logistics
Decreasing Attributes' weights by 0.10 For Supply Chain 0.86 0.67
&Logistics
Increasing Attributes' weights by 0.05 For Supply Chain & 1.0 1.0
Logistics
Increasing Attributes' weights by 0.10 For Supply Chain & 1.0 1.0
Logistics
Decreasing Attributes' weights by 0.05 For Owner’s 1.0 1.0
Involvement
Decreasing Attributes' weights by 0.10 For Owner's 1.0 1.0
Involvement
Increasing Attributes' weights by 0.05 For Owner's 1.0 1.0
Involvement
Increasing Attributes' weights by 0.10 For Owner's 1.0 1.0
Involvement
Decreasing General Attributes' Weight by 0.05 0.92 0.75
Decreasing General Attributes' Weight by 0.10 0.77 0.75
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4.5 Weight Rationalization

The weights used for this method were collected using the nominal group
technique (NGT) method. Appendix C shows the weight collected for the general and
basic attributes. Wuni et al. (2020) employed an exploratory factor analysis and found
that they could divide their CSFs into four principal success factors (PSFs). Further
results from a fuzzy evaluation they performed revealed that all four principal factors
could make or break MiC projects, depending on if they were present or not. If they were
present, the project was likely to be successful. If they were lacking or deficient, the
success could fail at higher rates (Wuni et al., 2020). Using this logic and input from the
weight-collection process, this Praxis found it acceptable to make all the weights equal
for the general attributes. Wuni et al. conducted an SA to evaluate this option further,
revealing that the system predicted a value overlap between the assigned weights and the
benchmark ones. The SA also exposed that making changes in the attributes’ weights
decreased the system’s prediction accuracy. For the basic attribute weight, these values
were conscious values presented by the domain experts. The values were collected via the
NGT method.

4.6 Validation

This system helps improve the prediction efficiency of modular capital O&G
projects costs. In capital projects, cost estimates are developed as part of the forecasting
and planning process. This system improves the planning process by providing decision
options. If these options are considered when creating cost estimates, it will improve the

accuracy or efficiency of the forecast.
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The system was validated with the three case studies from different construction

projects. Figure 18 shows the model output results for the three projects used.

Figure 18

Model System Utility Outputs for Validation Projects
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The collected data for model validation provided information about the initial

forecasted project cost and final project cost, which were used to understand the impact

of inefficiency or estimation error on project costs. The MAPE formula (Equations 34

and 35) was used to calculate the prediction estimation error and the accuracy of the 3

projects’ forecasts (see Table 28).
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Table 28

Validation Project Data Prediction Error

(MAPE)

Project Initially Predicted  Final Cost {(Actual - predicted)

Prediction Accuracy

4 Cost (USD) (USD) /Actual} Error {1-Error}
1 $1,920,000,000 $2,985,000,000 35.68% 64.32%
2 $1,100,000,000 $1,330,000,000 17.29% 82.71%
3 $ 1,387,000,000 $2,330,000,000 40.47% 59.53%

Note. MAPE = Mean Absolute Percentage Error.

Using the truth dataset shown in Appendix H, the model generated efficiency
values for each project in the dataset, as shown in Table 29. Then, the efficiency-
prediction improvement was calculated by comparing the actual prediction efficiency to
the system-generated efficiency; Table 29 shows that the system improved the prediction
efficiency between 15% to 36% over the actual predicted efficiency.

Table 29

System and Actual Prediction comparison

Project Actual Actual System Prediction
No Efficiency Estimation Generated Improvement
Error Efficiency
1 64.32% 35.68% 90.97% 26.65%
2 82.70% 17.29% 98.00% 15.3%
3 59.52% 40.47% 96.00% 36.48%
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Then, a graph of the actual efficiency, the system-generated efficiency and the
expected efficiency was generated to demonstrate the model’s effectiveness, as shown in
Figure 19. Figure 19 shows that the system-generated efficiency is within 10% of the
expected efficiency. The forecasting expected efficiency is always 100%.

Figure 19

Validation Projects Efficiency Graph
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As shown below, the unitary method was used to convert the efficiency values to
project costs to understand the efficiency value in terms of costs.

Initially Estimated Cost X System Generated Utility

System estimated cost = -
Y Actual Project Prediction Accuracy

For 64.32% prediction accuracy, the estimated cost is $1,920,000,000.

$1920000000%.90
6432

Thus, for a 90.03% efficiency, the estimated cost is = =$2,715,522,388
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Table 30 compares the system-generated costs, the initial project estimated cost,
and the final project cost. These results show cost predictions closer to the final project
costs by the system-generated process compared to the project’s initial estimated costs.
From Tables 30 and 31, we observe that the system provided a cost estimate within 10%
of the actual projects for all the validation projects.

Table 30

System-Generated and Initial Estimate Costs Comparison

Project  Initially Estimated Cost Final Cost (USD) System Generated Cost

No (USD) (USD)
1 $1,920,000,000 $2,985,000,000 $2,715,522,388
2 $1,100,000,000 $1,330,000,000 $1,303,506,650
3 $1,387,000,000 $2,330,000,000 $2,237,096,774
Table 31

System Percent Improvement Data

Project  Actual Project System- . .
No Cost Generated Cost Cost Difference Percentage Difference

1 $2,985,000,000 $2,715,522,388 $269,477,612 9.03%

2 $1,330,000,000 $1,303,506,650 $26,493,350 1.99%

3 $2,330,000,000 $2,237,096,774 $92,903,226 3.99%

The graph in Figure 20 shows that the system-generated costs are within 10% of

the project’s actual costs, whereas the initial estimates range from 17% to 40% over the

initial estimates.
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Figure 20

Validation Projects Percentage Improvement Graph
Percentage Difference From Actual Project Costs
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Next, the system was validated using a confusion matrix (see Table 32). The

results for Table 32 were derived using Equations 28-33.

™ 2
TP+FP  2+0
, _ TN
Negative Predicted Value =

P _
TP+FN 240

TN 1

1
— 1 —
TN+5N_1+0_

Precision =

1

Sensitivity =

Shecificity _ 4
pecliclty =TT FP 140
TP + TN 2+1

TP+TN+FP+FN 2+1+4040

Accuracy or Test Efficiency =
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Table 32

Case-Processing Summary for System Validation

Test Run =3 Predicted Positive Predicted Negative
Actual Positive True Positive (TP)=2 False Negative (FN)=0
Type II Error
Actual Negative False Positive (FP)=0 True Negative (TN)=1
Type I Error

The precision of a model determines how much data were correctly determined as
positive out of all positive cases (Mausner et al., 1985). The precision of the predictive
model was found to be 1.0, which means the system identifies all the positive cases
correctly out of all the available positive cases.

The negative predicted value of a model reveals how much data were correctly
determined as negative out of all negative cases (Mausner et al., 1985). Here, the negative
predicted value calculated is 1.0. Therefore, the predictive system identified all the
negative cases correctly.

A model’s sensitivity determines the ratio of how much data were correctly
identified as positive to how much data were positive (Mausner et al., 1985). Here, the
system’s sensitivity is 1.0, which means the system correctly identified all the positive
cases.

On the other hand, specificity defines the ratio of how much data were correctly
classified as negative to how much data were actually negative (Mausner et al., 1985).
The specificity of this system was 1.0 or 100%. This means the system identified all

negative cases correctly.
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Finally, the model’s accuracy determines how much data were correctly identified
(Mausner et al., 1985). The predictive model shows its accuracy is at 1.0; this shows that
the model can correctly identify all the cases.

The system’s accuracy was graphically represented using the ROC curve shown
in Figure 21.

Figure 21

System Validation ROC
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Equation 30 shows TPR (true positive rate) is equivalent to sensitivity, while FPR
(false positive rate) is equivalent to (1 — specificity). An ROC curve is generated using all
conceivable combinations of TPR and FPR. A point on the ROC curve is determined by
the combination of one TPR and one FPR. The position of a point on the ROC curve
reflects the balance between sensitivity and specificity (Zhu et al.,2010); essentially, a

decrease in specificity accompanies an increase in sensitivity. Therefore, the position of a
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point on the ROC curve illustrates the validity of the diagnostic classification. A point
established by the TPR and FPR at coordinate (0, 1), which will fall on the upper left
corner of the ROC curve, is considered the ideal point (Zhu et al.,2010). This ideal point,
also known as a perfect classification, means the diagnostic test has a 100% sensitivity
and specificity (Zhu et al.,2010). Figure 21, generated by MedCalc Version 20.009,
depicts a perfect classification, meaning the model’s accuracy is 100%.

For more clarity on the performance, the model’s f1-score was calculated to be

1.0.

2X(1.0x1.0)
1.0+1.0

F1 Score = 1.0

The F1 score measures a model’s accuracy on a dataset that conveys the balance
between precision and recall. This system’s F1 score indicates that the model’s
performance is 100%.

Next, the Kappa statistic was calculated using Equation 27, which yielded a K
value of 1 or 100%. Cohen (1960) “suggested the Kappa result be interpreted as follows:
values < 0 as less than chance agreement; 0.01-0.20 as slight agreement; 0.21-0.40 as
fair agreement; 0.41-0.60 as moderate agreement; 0.61-0.80 as substantial agreement;
and 0.81-1.00 as an almost-perfect agreement” (p.43). With a value of 1, this Praxis
model has an almost perfect agreement in reliability between the predicted and actual

values; this agrees with the results of the F1 score.
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Table 33

System Validation ROC Analysis Results

AUC 95% CI P-Value

Case 1.00 -to- 0.500
Note. ROC = Receiver-Operating Characteristic; AUC = Area Under the Curve;

CI=Confidence Interval.

Table 33 shows the AUC results. The prediction system’s efficiency was found to
be 1.00, meaning the system’s prediction efficiency is 1.0 or 100%. For a specified
hypothesis, the significance range of the hypothesis moves between the confidence
ranges. If the resulting value is within this range, the hypothesis is classified as
insignificant and accepted. However, If the value is outside of the range, the hypothesis is
considered significant and rejected (Knaub,1987). “Confidence intervals are generally
constructed around proportions: asymptotic and exact 95% confidence interval, where the
exact confidence interval is constructed using binomial distribution to reach an exact
estimate” (Zhu et al., 2010, p.2). The choice between these two types of confidence
intervals is determined by whether the sample proportion can be tested for normality and
the sample size. With a small sample size, a binomial distribution, the exact confidence
interval, is recommended (Zhu et al., 2010). Therefore, the 95% exact confidence interval
was used to validate this model, given the size of the validation dataset. The software,
MedCalc Version 20.009, was used for the ROC analysis because it can perform
binomial confidence interval analysis.

To validate H3, a predictive efficiency model can improve the cost prediction of

modular projects to within 10% of the actual cost; a non-parametric test was needed
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because, with a small dataset, normality cannot be proven. Thus, the Wilcoxon test was
used to compare the system-generated costs and the actual project final costs. The
Wilcoxon test was chosen because it is the non-parametric equivalent of a paired t-test.
Table 34

Wilcoxon Test Statistics Results

System Generated — Final Cost
Z -1.604
Asymp. Sig. (2-tailed) 0.109

Table 34 shows that the calculated p-value was 0.109, which is greater than the
alpha value of 0.05. Therefore, we fail to reject the null hypothesis that the cost efficiency
prediction can be improved within 10% of the initial predicted value using an intelligent
predictive system.

These results were considered valid because of the system verification results
shown in Figure 20, the K statistic results showing a consistency value of 1.00 or 100%
in the model, and the confusion matrix results, which had a 100% accuracy and 100% F1
score. Additionally, previous literature by Mamitsuka (2006) and O’Keefe et al. (1987)
support the results and validity of using verification, consistency measures, and the ROC
as the best validation methods and ESs with small datasets. As O’Keefe et al. (1987)
stated, the law of large numbers does not apply to ES validations. Rather, O’Keefe et al.
stated the problem is not the number of test cases; it is how effective they highlight the
input domain. This Praxis model has 60 inputs, which were validated with three test

cases; thus, a total of 180 inputs were verified and validated for this Praxis model.
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4.7 Summary

Using the research objectives, this Praxis successfully answered the research

questions and presented results that supported the hypotheses.

e RQI1: Does modularization in the O&G industry consistently decrease the
costs of construction projects? The results showed that modular strategies do
not always decrease the cost of engineering procurement and construction
(EPC) projects compared to nonmodular strategies. The results showed that
modular projects were 34% less efficient than nonmodular projects for the
dataset used.

e RQ2: Does modularization in the O&G industry consistently decrease
construction projects’ durations? The results showed that modular strategies
do not always decrease the duration of EPC projects compared to nonmodular
strategies. The results showed modular projects were 34% less efficient than
nonmodular projects for the dataset used.

¢ RQ3: Can a tool be developed to improve the prediction efficiency of
modularized EPC projects? The created model and corresponding validation
results showed that a tool could help improve the prediction efficiency of

modular projects to within 10% of the actual project costs.

Chapter 5: Discussion and Conclusions

5.1 Discussion
Given the popularity with which modular strategies are being embraced and used

in the oil and gas (O&GQG) industry, it was critical to understand the effect of these types of
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projects on the overall project cost and schedules. It was also critical to understand how
executing strategies of these types of projects can help project stakeholders improve their
projects’ key performance factors like costs and schedules. This study presented four
primary critical success factors (PCSFs; engineering, modular contractor, owner’s
involvement, and supply chain and logistics) to successfully implement modular projects.
It also recommends breaking down these PCSFs into more specific decision parameters
better to understand their effects on projects’ costs and schedules. The Praxis presented a
predictive decision support tool that will help project stakeholders understand how
executing strategies and modular critical success factors (CSFs) can improve a project’s
success throughout its lifecycle. The model created for this Praxis predicts better cost
estimates than the currently nonautomated forecasting methods used in the industry.
5.2 Conclusions

This Praxis conducted a qualitative analysis of modular and nonmodular project
data to understand the effect of modularization in the O&G industry in terms of costs and
schedules. The analytical results on cost data strongly support the hypothesis that
modularization in the O&G industry does not consistently reduce the costs of
construction projects by at least 20% compared to nonmodular projects. Likewise, the
analysis of project schedule data supports the hypothesis that modularization in the O&G
industry does not consistently reduce the duration of construction projects by at least 50%
compared to nonmodular projects.

For the third hypothesis, the Praxis presented a comprehensive decision
methodology using strategies based on CSFs that would aid project stakeholders to

improve the modularization decision-making process. The predictive model was tested
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for sensitivity and found to be sensitive to its attributes’ weights. However, the system
under appropriate attributes’ weights achieved through the nominal group technique
(NGT) method was validated with truth data, and the results supported the hypothesis that
an efficient predictive tool can improve modular project costs to within 10% of the actual
project costs.
5.3 Contributions to Body of Knowledge
This Praxis provided contributions to the modular execution strategy for modular
projects and the cost-estimation body of knowledge both generally and specifically for
0&G projects.
This Praxis has advanced the engineering management discipline as follows:
1. Introduced a weight-based normalization approach to compare modular
strategies against nonmodular strategies in terms of cost and schedule.
2. Introduced a method to use CSFs for modular projects as an execution
strategy.
3. Introduced the NGT method as a tool to demonstrate the importance of the
different basic parameters to modular projects’ successes.
4. Established a 2-layer architecture theory diagram (ATD) suitable for both
cost- and schedule-prediction approaches.
5. Introduced a model to improve modular project cost prediction.
Furthermore, as referenced by Abdelmageed and Zayed (2020) in their evaluation of
modular integrated construction (MiC) projects, this Praxis addressed the issues of;

limited quantitative studies to determine the advantages of creative design concepts,
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inadequate cost analysis for MiC to quantify its benefits, and studies to select the correct
project-delivery techniques in MiC projects.
5.4 Recommendations for Future Research
e Expand research to include more data from multiple companies and states
other than the Gulf Coast states.
o Expand research to include schedule data as a validation parameter.
e Expand research to create a model to improve project-schedule prediction.
e Expand the current ATD, further decomposing the basic attributes, and
analyze their effect on the model.
e Optimize the predictive model so it becomes less sensitive to attributes’
weights.
o Introduce a back-propagation approach for updating the attributes’ initially

anticipated weights.
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Appendix A : Model Python Code

KizTr2021 ER_1.ipynb - Colaboratory

# Step 1 Data Preparation
def agregation(belief, weight):
wl = weight[@] # Weights for sub attributes
w2 = weight[1]
w3 = welght[2]
wd = weight[3]
w5 = welght[4]

bhl = belief[@] # beliefs for sub attributes
bml = belief[1]
bll = belief[2]

bh2 = belief[3]
bm2 = belief[4]
b12 = belief[5]

bh3 = belief[6]
bm3 = belief[7]
bl3 = belief[8]

bh4 = belief[9]
bmd = belief[10]
bl4 = belief[11]

bh5 = belief[12]
bms = belief[13]
bl5 = belief[14]

# Step 2 Basic Probability Assignemts for Each Basic Attribute

mhl = bhl * wl
mh2 = bh2 * w2
mh3 = bh3 * w3
mhd = bhd * wd
mhS = bh5 * WS
mml = bml * wl
mm2 = bm2 * w2
mm3 = bm3 * w3
mmd = bmd * wd
mm5> = bmS * w5
mll = bll * wl
ml2 = bl2 * w2
ml3 = bl3 * w3
mld = bld * wd
ml5 = bl5 * wS

# Step 3 Remaining Probability Mass calculation uncertainty calculation
# Uncertainty due to weight

Contact the Author for the complete Python code.
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Appendix B: Architectural Theory Diagram Abbreviations

E,= Standardization

E, = Timely design Freeze?

E; = Advanced Work Packaging

E, = Modular specific design specifications

E; = Engineering and Design Experience

M; = Operations Engagement

M, = Modular Fabricator Location

M; = Modular Fabricator Experience

M, = Modular Fabricator strategic relationships with key suppliers and vendors?
M; = Modular specifications?

0; = Team alignment on Modular Strategy

0, = Early Decision Making and Research Project
03 = Adequate resources allocation

= Well defined communication plan

Os = Modular Implementation Research

S; = Long Lead Items Purchase

S, = SCM Early project Involvement

S; = Well Defined Procurement Plan

S, = Transportation Capabilities

S5 = Contracting Strategy

o
o
|
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Appendix C: Attributes Weight Assignments

Weight Assignment for The General Attributes

General Attributes Weight
Engineering 1.00
Modular Contractor 1.00
Owner’s Involvement 1.00
Supply Chain & Logistics 1.00

Weight Assignment for The Basic Attributes

Basic Attributes Weight
Standardization 0.50
Timely design Freeze? 0.75
Advanced Work Packaging 1.00
Modular specific design specifications 0.25
Average Years of Modular Engineering and Design Experience 0.50
Operations Involvement 0.50
Location of the Modular Yard 1.00
Modular Fabricator 0.50
Fabricator strategic relationships with key suppliers and vendors 0.50
Modular contractor have Modular specifications? 0.25

Team aligned on the requirements for Implementing a Modular project 0.25
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Appendix D: Nominal Group Technique Questions

Goal: Provide weight of importance on how the project was planned and executed as
concerns the following decisions.
Engineering
1. Level of Standardization
2. Timely design Freeze
3. Advanced Work Packaging
4. Modular specific design specifications
5. Average Years of Modular Engineering and Design Experience
Modular Contractor
1. Operations involvement with Modular Contractor throughout the project
2. Location of Modular Yard in relation to the project site
3. Experience of Modular Contractor
4. Fabricator’s Strategic relationships
5. Modular Contractor’s specification
Supply Chain and Logistics
1. Adequate strategy for purchasing Long Lead Items
2. Adequate strategy for purchasing Long Lead Items
3. Procurement Plan being in line with the modular strategy
4. Defining the transportation and logistics risks for modular projects
5. Aligning the contracting strategy with the project drivers for Modular execution
Owner’s Involvement
1. Was the team aligned on the requirements for Implementing a Modular project?
2. Was there a Project Directive for Early Decision making?
3. Was the project adequately staffed with the adequate resources?
4. Was there a well-defined communication plan that includes all project
stakeholders?

5. Was adequate research been done on Modular Implementation and Execution?

143



Appendix E: Sample ER Input Acquisition Process

Basic Attributes Good Average Poor
What is your confidence level on Standardization for your project? 0.7 0.1 0.1
What is your confidence level on plans for timely design Freeze for your project? 0.6 0.1 0.2
What is your confidence level on using Advanced Work Packaging for your project? 0.2 0.4 0.3
What is your confidence level on having Modular specific design specifications for your projec? 0.3 0.2 0.2
What is your confidence level on Adequate Modular Engineering and Design Experience Engineers on your project? 0.2 0.4 0.4
What is your confidence level on Operations being fully involved in the fabrication process from concept to completion? 0.3 0.3 0.3
What is your confidence level on the Location of the Modular Yards being close to your Project site 0.2 0.2 0.5
What is your confidence level on the Modular Experience of your Modular Fabricator? 0.4 0.1 0.5
What is your confidence level on the Fabricator having strategic relationships with key suppliers and vendors ? 0.5 0.1 0.1
What is your confidence level on the Modular contractor have Modular specifications? 0.1 0.6 0.2
What is your confidence level on your team alignement on the requirements for Implementing a Modular project? 0.7 0.2 0.1
What is your confidence level on Early Decision making for your project? 0.6 0.2 0.2
What is your confidence level on your project successfuly staffed with resources? 0.3 0.4 0.2
What is your confidence level on a well defined communication plan that includes all project stakeholders for your project? 0.4 0.3 0.1
What is your confidence level adequate research been done on Modular Implementation and Execution for your project? 0.5 0.3 0.2
What is your confidence level on an adequate strategy for purchasing Long Lead Items for your project? 0.4 0.1 0.2
What is your confidence level on SCM being involved early in the project? 0.1 0.8 0.1
What is your confidence level on procurement Plan being in line with your modular strategy? 0.2 0.5 0.3
What is your confidence level on transportation and logistic risks being well defined for your project? 0.5 0.1 0.3
What is your confidence level on contracting the strategy in place aligning with the project drivers for Modular execution? 0.3 0.2 0.3
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Appendix F: Modular / Nonmodular Projects Cost Data

Cost Efficiency Analysis

Modular 0.03 0.1164 0.0796 1.7377 1.8432
Nonmodular
0.13 0.49 0.47 4.95 1.42
Weight 0.2 0.2 0.2 0.2 0.2
Normalized
Modular 0.224859507 0.231119419 0.166983803| 0.331233312 0.792176418
Normalized
Nonmodular 0.974391196 0.97292539 0.985959639| 0.943548882 0.610292162
Weighted 0.044971901 0.046223884 0.033396761 0.066246662| 0.158435284
Modular
Weighted
Non 0.194878239 0.194585078 0.197191928 0.188709776| 0.122058432
Modular

Ideal Best Value

0.044971901

0.046223884

0.033396761

0.066246662

0.122058432

Ideal Worst Value

0.194878239

0.194585078

0.197191928

0.188709776

0.158435284
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Distance of Modular from
Ideal Best 0 0 0 o| 0.001323275
Distance of Modular from S
Ideal Worst| ) 1>047191|  0.022011044| 0.014997214 0
Distance of Non
Modular fromlideal Best
" 0.02247191 0.022011044| 0.02682885| 0.014997214 0
Distance Non Modular|
from Ideal Worst|
0 0 0 0[ 0.001323275
Calculated Calculated Efficiency
Negative
Output
Modular 0.036376851 0.293783977 0.889820815
Output
Non 0.293783977 0.036376851 0.110179185
Modular
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Costs Test Runs Dataset

Project 1 Project 1 1 0.50880581 ]0.491194187 1
Project 1 Project 2 2 1 0 1
Project 1 Project 3 3 0.53160857 [0.468391425 1
Project 1 Project 4 4 0.37107372 10.628926279 1
Project 1 Project 5 5 1 0 1
Project 1 Project 6 6 0.57061622 |0.429383779 1
Project 1 Project 7 7 0.71798580 [0.717985803 1
Project 1 Project 8 8 0.91445791 | 0.08554209 1
Project 1 Project 9 9 0.56027132 [0.439728674 1
Project 1 Project 10 10 0.50880581 [0.491194187 1
Project 6 | Project 11 11 0.69478372 |0.694783722 1
Project 6 | Project 12 12 0.41812698 |0.581873015 1
Project 6 | Project 13 13 0.30194799 10.698052003 1
Project 6 | Project 14 14 0 1 1
Project 6 Project 15 15 0 1 1
Project 6 | Project 16 16 0.01691756 |0.983082439 1
Project 6 Project 17 17 0 1 1
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Nonmodular Costs Project Dataset

Project 1 0.09 0 0.34 0.48 1.28
Project 2 0.22 0.27 0.13 1.68 0.88
Project 3 0.15 0.14 0.09 0.4 0.59
Project 4 0.05 0.14 0.05 0.25 0.43
Project 5 0.39 0.46 0.47 3.46 2.14
Project 6 0.08 0.16 0.07 0.61 0.72
Project 7 0.11 0.14 0.1 1.38 1.18
Project 8 0.17 0.33 0.3 4.12 2.42
Project 9 0.09 0.38 0.3 1.11 1.47
Project 10 0.11 0.12 0.07 0.82 0.34
Project 11 0.05 0 0.09 0.33 0.3
Project 12 0.08 0.08 0.07 0.26 0.58
Project 13 0.67 0.62 0.33 2.54 1.32
Project 14 0.3 0.26 0.22 1.55 0.79
Project 15 0.13 0.04 0.12 0.23 0.34
Project 16 0.14 0.31 0.09 1.02 3.12
Project 17 0.05 0.45 0.08 1.24 1.78
Project 18 0.11 0.11 0.05 0.66 0.83
Project 19 0.14 0.14 0.13 0.36 0.85
Project 20 0.04 0.14 0.04 0.96 0.33

Contact Author for complete Dataset
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Project 1 2.42 0.02 0.25 0.08 1.31 0.08 0.5
Project 2 1387 25 125 55 495 70 545
Project 3 1,920 30 130 70 785 145 750
Project4 545 15 40 20 215 35 215
Project 5 565 20 45 40 210 35 215
Project6 (8.4 0.7 1.02 0.22 3.28 0.29 3.02
Project 7 [8.32 0.17 0.33 0.3 4.12 0.46 2.42
Project8 (7.9 0.37 0.73 0.41 1.21 0.39 4.35
Project9  14.1488 0.03 0.1164 0.0796 1.7377 0.0962 1.8432
Project 10 6.040293 0.2369 0.4825 0.3463 1.556493 0.168 2.255549
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Appendix G: Modular / Nonmodular Projects Schedule Data

Modular

Nonmodular

Normalized
Modular 0.455084332|0.968409459| 0.960429139 0.989728357
Normalized
Non Modular 0.890448343|0.249365436 0.27852445 0.142960763
0.113771083]|0.242102365| 0.240107285 0.247432089
0.222612086|0.062341359| 0.069631113 0.035740191
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Ideal Best Value
0.113771083

0.062341359

0.069631113

0.035740191

Ideal Worst Value

0.222612086

0.242102365

0.240107285

0.247432089

Distance of
Modular for
Ideal Best 0| 0.032314019(0.029062125|  0.04481346
Distance of
Modular for Ideal
Worst 0.011846364 0 0 0
Calculated Calculated Efficiency
Positive Value Negative
Value
Modular
0.325867464 0.108841003 0.250377002 OUTPUT
Nonmodular
0.108841003 0.325867464 0.749622998 OUTPUT
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Schedule Test Runs Dataset

Project 1 Project 1 1 0.155347153 (0.844652847 1
Project 1 Project 2 2 0.527006135 |0.472993865 1
Project 1 Project 3 3 0.801912165 |0.198087835 1
Project 1 Project 4 4 0.216144296 |0.783855704 1
Project 1 Project 5 5 0.84694261 |0.15305739 1
Project 1 Project 6 6 0.476457904 0.523542096 1
Project 1 Project 7 7 0.519586867 |0.480413133 1
Project 1 Project 8 8 0.529668968 [0.470331032 1
Project 1 Project 9 9 0.38682181 |0.61317819 1
Project 1 Project 10 10 0.861286441 |0.138713559 1
Project 2 Project 11 11 0.308912079 |0.691087921 1
Project 2 Project 12 12 0.577473143 |0.422526857 1
Project 2 Project 13 13 0 1 1
Project 2 Project 14 14 0 1 1
Project 2 Project 15 15 0.434288398 |0.565711602 1
Project 2 Project 16 16 0.525447007 [0.474552993 1
Project 2 Project 17 17 0.546090443 |0.453909557 1
Project 2 Project 18 18 0.617547822 10.382452178 1
Project 2 Project 19 19 1 0 1
Project 2 Project 20 20 0.191440888 |0.808559112 1
Project 3 Project 21 21 0 1 1
Project 6 Project 22 22 0 1 1
Project 3 Project 23 23 0.265928278 |0.734071722 1
Project 3 Project 24 24 0 1 1

Contact Author for complete Dataset
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Nonmodular Schedule Project Dataset

Project1 [6.57 0.03 1.87 1.8

Project 2 [10.53 0.7 8.97 3.03
Project 3 16.37 4.8 5.93 6.9

Project4 6.2 1.9 1.2 0.6

Project 5 [6.97 5.97 6.17 14.43
Project 6 [7.43 1.93 4.13 2.07
Project 7 4.7 3.97 3.77 2.67
Project 8 (0.7 2.9 12.2 12.13
Project 9 [5.87 2.8 2.8 1.87
Project 10 [21.33 1.77 6.87 2.87
Project 11 [7.8 1.9 1.4 0.9

Project 12 18.13 3.3 2.83 5.8

Project 13 [16.07 1.97 3.37 0.73
Project 14 [12.43 2.1 9.87 2.67
Project 15 4.7 2.6 5 1.77
Project 16 [5.47 1.4 4.27 4.37
Project 17 [8.23 8.07 8.4 4.57
Project 18 (16.47 2.37 1.4 6.23
Project 19 [13.37 5.13 2.83 4.1

Project 20 [9.6 3.03 8.7 5.93
Project 21 {0.03 4.63 6.1 4.37
Project 22 |1 0.03 0.03 2.53
Project 23 [10.77 1.83 3.63 3.93
Project 24 0.2 6.27 3.77 3.07

Contact Author for complete Dataset
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Project 1 . . .

Project 2 30 24 42 32
Project 3 32 26 46 35
Project 4 31 25 44 34
Project 5 31 25 44 34
Project 6 16 3.18 12 4.5
Project 7 3 4 12 12
Project 8 7.4 2.29 6.22 4
Project 9 3 4 7 9
Project 5 7 8 8
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Appendix H: Project Truth Data

is Good, Unsure is Average, No is Poor)

Project 1
Basic Attributes (What is Your Belief for the following) Good | Average | Poor
The level of standardization 50% is good, 30% is average, 0% is bad) 0.3 0.5 0
Plans for timely design freeze (Yes is Good, Unsure is Average, No is Poor) 0.4 0.2 0.2
Plans for Advanced Work Packing used (Yes is Good, Unsure is Average, No is
0.6 0.2 0.1
Poor)
Plans for Engineering Modular Specifications (Yes is Good, Unsure is Average,
. 0.1 0.35 0.2
No is Poor)
Average years of modular engineering and design experience (> 10 years is 01 0.45 03
Good, >1 and <= 10 is Average, 0 is bad) ) ) )
Operations
will be fully involved in the fabrication process from concept to completion 0.25 0.45 0.15
(Yes is Good, Unsure is Average, No is Poor)
How far is the location of the modular yards from your construction site?
(Same Country is Good, Same Continent is Average, Different Continent is 0.2 0.55 0.15
Poor)
On the modular experience of the modular fabricator have. (Good is >10 years;
. . 0.65 0.2 0
< 10 years is Average; 0 Years is Bad)
On the fabricator's Strategic relationships with key suppliers and vendors (Yes
. . . 0.1 0.35 0.45
is Good, Unsure is Average, No is Poor)
. On The modular contractor having modular specifications (Yes is Good, Unsure
. . 0.2 0.5 0.2
is Average, No is Poor)
- 5 -
. !s there an adeguate strategy for purchasing Long Lead? (Yes, is Good, Unsure 0.65 0.25 01
is Average, No is Poor)
- - P - - -
. SCM Early involvement in the project? (Yes is Good, Unsure is Average, No is 055 03 01
Poor)
. On the procurement Plan aligning with the modular strategy (Yes is Good,
. . 0.55 0.3 0.1
Unsure is Average, No is Poor)
. On the transportation and logistic risk well defined for a modular project? (Yes 03 03 03
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5. On the contracting strategy in place to
align with the project drivers for modular execution. (Yes is Good, Unsure is 0.75 0.2 0
Average, No is Poor)
16. On the team alighment on the requirements for Implementing a Modular project
(Yes is Good, Unsure is Average, No is Poor) 0.2 0.4 0.2
17. On there being a Project Directive for Early Decision Making? (Yes is Good,
Unsure is Average, No is Poor) 02 0.6 02
18. On the project adequately staffed with the adequate resources (Yes is Good,
Unsure is Average, No is Poor) 01 0.2 0.55
19. On there being a well-
defined communication plan that includes all project stakeholders (Yes is Good, 0.3 0.3 0.3
Unsure is Average, No is Poor)
20. On adequate research been done on modular implementation and execution (Yes
. . . 0.4 0.3 0.2
is Good, Unsure is Average, No is Poor)
Project 2
Basic Attributes (What is Your Belief for the following) Good | Average Poor
1. The level of standardization 50% is good, 30% is average, 0% is bad) 0.3 0.5 0.1
2. Plans for timely design freeze (Yes is Good, Unsure is Average, No is Poor) 0.8 0.1 0.1
3. Plans for Advanced Work Packing used (Yes is Good, Unsure is Average, No is 0.6 02 02
Poor)
4. Plans for Engineering Modular Specifications (Yes is Good, Unsure is Average, 0.15 0.3 o1
No is Poor)
5. Average years of modular engineering and design experience (> 10 years is o1 0.45 0.3
Good, >1 and <= 10 is Average, 0 is bad)
6. Operations
will be fully involved in the fabrication process from concept to completion 0.35 0.35 0.25
(Yes is Good, Unsure is Average, No is Poor)
7. How faris the location of the modular yards from your construction site?
(Same Country is Good, Same Continent is Average, Different Continent is 0.2 0.6 0.1
Poor)
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8. On the modular experience of the modular fabricator have?(Good 0.65 0.3 0
is >10 years; < 10 years is Average, 0 Years is Bad)

9. On the fabricator's Strategic relationships with key suppliers and vendors (Yes 0.25 035 0.2
is Good, Unsure is Average, No is Poor)

10. On The modular contractor having modular specifications (Yes is Good, 02 0.5 0.2
Unsure is Average, No is Poor)

11. Is there an adequate strategy for purchasing Long Lead? (Yes is Good, Unsure 0.75 0.2 0.5
is Average, No is Poor)

12. SCM Early involvement in the project? (Yes, is Good, Unsure is Average, No is 0.6 0.3 o1
Poor)

13. On the procurement Plan in line with the modular strategy (Yes is Good, 0.65 0.2 o1
Unsure is Average, No is Poor)

14. On the transportation and logistic risk well defined for a modular project? 0.3 0.3 0.3
(Yes, is Good, Unsure is Average, No is Poor)

15. On the contracting strategy in place to
align with the project drivers for modular execution. (Yes, is Good, Unsure is 0.65 0.2 0.1
Average, No is Poor)

16. On the team alignment
on the requirements for Implementing a Modular project (Yes is Good, 0.3 0.4 0.2
Unsure is Average, No is Poor)

17. On there being a Project Directive for Early Decision Making? (Yes, is Good, 03 04 0.2
Unsure is Average, No is Poor)

18. On the project adequately staffed with the adequate resources (Yes is Good, 0.15 0.2 05
Unsure is Average, No is Poor)

19. On there being a well-
defined communication plan that includes all project stakeholders (Yes is 0.3 0.3 0.3
Good, Unsure is Average, No is Poor)

20. On adequate research been done on modular implementation and execution 03 03 00
(Yes is Good, Unsure is Average, No is Poor)

Project 3
Basic Attributes (What is Your Belief for the following) Good | Average Poor
1. The level of standardization 50% is good, 30% is average, 0% is bad) 0.4 0.5 0
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2. Plans for timely design freeze (Yes is Good, Unsure is Average, No is Poor) 0.65 0.15 0.15

3. Plans for Advanced Work Packing used (Yes is Good, Unsure is Average, No is 0.6 0.2 o1
Poor)

4. Plans for Engineering Modular Specifications (Yes is Good, Unsure is Average, 0.3 0.35 0.2
No is Poor)

5. Average years of modular engineering and design experience (> 10 years is 0.25 0.4 02
Good, >1 and <= 10 is Average, 0 is bad)

6. Operations
will be fully involved in the fabrication process from concept to completion 0.45 0.3 0.15
(Yes is Good, Unsure is Average, No is Poor)

7. How faris the location of the modular yards from your construction site?
(Same Country is Good, Same Continent is Average, Different Continent is 0.3 0.45 0.15
Poor)

8. On the modular experience of the modular fabricator have. (Good is 0.6 0.2 0
>10 years; < 10 years is Average; 0 Years is Bad)

9. On the fabricator's Strategic relationships with key suppliers and vendors (Yes 02 0.3 04
is Good, Unsure is Average, No is Poor)

10. On The modular contractor having modular specifications (Yes is Good, 0.6 0.2 01
Unsure is Average, No is Poor)

11. Is there an adequate strategy for purchasing Long Lead? (Yes, is Good, Unsure 0.55 0.25 o1
is Average, No is Poor)

12. SCM Early involvement in the project? (Yes is Good, Unsure is Average, No is 0.55 0.3 0
Poor)

13. On the procurement Plan in line with the modular strategy (Yes is Good, 0.55 0.3 o1
Unsure is Average, No is Poor)

14. On the transportation and logistic risk well defined for a modular project? 04 0.3 0.2
(Yes is Good, Unsure is Average, No is Poor)

15. On the contracting strategy in place to
align with the project drivers for modular execution. (Yes, is Good, Unsure is 0.55 0.2 0.15
Average, No is Poor)

16. On the team alignment
on the requirements for Implementing a Modular project (Yes is Good, 0.2 0.35 0.2

Unsure is Average, No is Poor)
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17. On there being a Project Directive for Early Decision Making? (Yes, is Good, 0.2 0.6 0.2
Unsure is Average, No is Poor)

18. On the project adequately staffed with the adequate resources (Yes is Good, 0.2 03 0.45
Unsure is Average, No is Poor)

19. On there being a well-
defined communication plan that includes all project stakeholders (Yes is 0.3 0.3 0.3
Good, Unsure is Average, No is Poor)

20. On adequate research been done on modular implementation and execution 0.2 0.5 0.2

(Yes is Good, Unsure is Average, No is Poor)
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Appendix I: Model Verification Data

What is the Level of Standardization

Are There Plans for timely design Freeze?

Is Advanced Work Packaging used

Modular specific design specifications

Average Vears of Modular Engineering and Design Experience

>1 and <=10 years

Will Operations be fully invelved in the fabrication process from
concept to completion

Location of the Modular Yards from the Project site

Same Continent

How Much Modular Experience does the Modular Fabricator have

<10 years

Does the Fabricator have strategic relationships with key suppliers
an rs

Does the Modular contractor have Modular specifications
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Module Verification Dataset

0 01443 08557 001747 0398  0.6579

Contact Author for complete Dataset
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Appendix J: Model Sensitivity Analysis Data

DN

What i the Level of Standardization _
—
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i R

Does the Modular contractor have Modular specifications
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Contact Author for complete Dataset
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| What is the Level of Standardization

| Are There Plans for timely design Freeze?

Engineering 1 Is Advanced Work Packaging used

| Modular specific design specifications

| Average Years of Mocular Engineering and Design Experience >1 and <=10 years

¥
| concept to completion

| Location of the Modular Yards from the Project site

Contractor 1 | HowMuch Exper does the Modular

| and vendors

Supply Chain
&

| Modular project

Owners
Involvement.

z

i
e
oL O e

o B %
1
R

1 028 0.086 0154 0338 0.039 08 0.115 057 GE-M 0.3

>

|

0.61 0.306 0.0876

L
o

H

Contact Author for complete Dataset
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