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Preface to “Advances in Construction and Project
Management—Volume II”

Construction and project management are two critical areas that play significant roles in society’s
progress and development. Construction projects play crucial roles in shaping the built environment,
with an impact ranging from towering skyscrapers to intricate transportation systems. Effective
project management is equally vital in this process, ensuring projects are completed on time, within
budget, and to the required quality standards.

The field of construction and project management is constantly evolving, with new technologies,
processes, and best practices emerging regularly. Keeping up with these advancements is essential
for professionals in these fields, allowing them to ensure that they are delivering the best outcomes
for their clients and stakeholders.

This book, entitled Advances in Construction and Project Management, compiles a collection of
chapters from experts in these fields, covering the latest developments and trends. This publication
covers a wide range of topics, including sustainable construction, digital technologies, project risk
management, and stakeholder engagement, among others.

Written by leading academics and industry professionals from around the world, the individual
chapters provide global perspectives on the subject matter. The authors draw on their experience and
research to provide practical insights and solutions to the challenges facing construction and project
management professionals today.

This book constitutes an essential resource for anyone involved in the construction or
project management industries, including architects, engineers, contractors, project managers, and
consultants. It is also an excellent reference for students studying in the disciplines of built
environment, architecture, engineering, and construction, providing them with the latest information
on the subject matter.

We hope to inspire readers to embrace new technologies, processes, and best practices and
continue to advance the fields of construction and project management. We would like to express
our gratitude to all the authors who contributed to this book and to the readers for their interest
in this important topic. We also wish to acknowledge the Centre for Smart Modern Construction
(c4SMC) and their industry partners for continued support and collaborations. I would also like to
thank the centre researchers, Dr Samudaya Nanayakkara, Thilini Weerasuriya and Prasad Perera, for

helping in the compilation of this topics issue.

Srinath Perera, Albert P. C. Chan, Dilanthi Amaratunga, Makarand Hastak, Patrizia Lombardi,
Sepani Senaratne, Xiaohua Jin, and Anil Sawhney
Editors
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Abstract: Determining a project delivery method that matches the characteristics of a construction
project is a critical step that affects the success or failure of a project. The Project Delivery Method
(PDM) should be adapted to the activities and processes of project implementation. However, the
traditional selection method does not come from the internal process of the project which may lead to
the delivery method not being able to meet the actual project requirements. This research proposes
a DSM-based PDM selection framework model that regroups activities and identifies appropriate
PDMs by revealing the dependencies and intensities between activities. The research uses a case to
demonstrate the feasibility of the framework. After considering specific project requirements and
goals, the framework model can be used as a basis for choosing specific project delivery methods, or
as a visualization tool to help owners schedule activities.

Keywords: project delivery method; PDM; procurement selection; delivery selection; design structure
matrix; DSM

1. Introduction

The selection of a project delivery method (PDM) is a crucial step in impacting project
success [1,2]. A PDM describes the relationship and working methods among project
participants in the process of transforming the owner’s goal into the completed facili-
ties [3]. It directly affects construction performance including schedule, cost, quality, and
efficiency [4-6]. The PDM can be viewed as both a contractual structure and compensation
arrangement through which project owners obtain a completed facility that meets their
needs [7]. The PDMs in practice are design-bid-build (DBB), design-build (DB), construction
management at risk (CMR), engineering-procurement-construction (EPC), and integrated
project delivery (IPD) [8,9]. However, the most common approaches are the first three, and
the limitations of design-bid-build and the complexity of project features and requirements
lead to a greater willingness to use design-build and other delivery methods [10].

In order to select the appropriate project delivery method, researchers have developed
many methods based on case performance [11,12] and mathematical models [2—4,13-16].
These models and methods rely more on subjective expert opinions which are interfered
with by the preferences, expertise, and abilities of the evaluators and are not very adaptable
to constantly changing projects.

The project delivery method reflects the task, organizational, and contractual rela-
tionship of the project. Under the requirements of specific goals, new organizational and
contractual relationships are created immediately after the tasks are rescheduled, and the
corresponding delivery methods are also generated. However, few studies consider the
feasibility of this delivery method from the perspective of the internal development process
and working relationship.

Buildings 2022, 12, 443. https:/ /doi.org/10.3390 /buildings12040443
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This paper attempts to develop a framework model for selecting project delivery
methods. The framework uses the design structure matrix (DSM) method to analyze the
relationship between the activities in the system and optimizes activities through merging,
deleting, and changing locations. The appropriate implementer is selected according to
the closeness between the activities and, finally, the project delivery method is formed.
This study expands the path and perspective of project delivery method selection, reveals
the connection between project activities and project delivery methods, and reduces the
instability of selecting project delivery methods.

2. Literature Review
2.1. Major Delivery Methods in Practice

Design-Bid-Build (DBB) refers to the sequential and phased project delivery method
involving three key players: the owner, the designer (architect), and the general contractor
(builder). In this contractual structure, the owner contracts with the designer and the
contractor, respectively, monitoring the activities of the designer and the contractor to
ensure compliance with the contract requirements [13,17]. The owner signs a contract with
the designer first and then signs an agreement with the contractor through bidding after
the design contract is completed. There is no direct connection between the designer and
the contractor and all information needs to be transmitted after the owner’s decision.

Construction management at risk (CMR) might be the preferred project delivery
method when owners need a defined completion date and price. The CMR manager
is responsible for providing consultation on architectural services in evaluating costs,
schedule, materials, and the like, and advising on optimizations and design alternatives,
playing the role of a general contractor during the construction phase. A CMR manager
is also responsible for monitoring and controlling the construction process in terms of
costs, time, and other requirements to ensure a guaranteed maximum price (GMP) for
the project [7,17]. Similar to DBB, the owner contracts with both the designer and the
CMR manager.

In the design-build (DB) method, the design and construction are carried out by one
entity. The owner only needs to sign one contract covering architecture, engineering, and
construction and contracts with a single enterprise responsible for design and construc-
tion [6]. The owner will give priority to the DB method when he cannot bear too much
risk and responsibility. Because it is a single entity responsible for design and construction,
it avoids the possible opposition in DBB [7]. Since the contractor is liable for all coordi-
nation efforts, the owner’s contract administration and site representative risks and costs
are reduced.

Integrated Project Delivery (IPD) is defined as “a method of project delivery charac-
terized by a contractual arrangement among a minimum of the owner, constructor, and
designer that aligns the commercial interests of all participants” [18]. IPD integrates all ele-
ments of the system into a single process that synergistically utilizes the talents and abilities
of all participants through all stages of design, fabrication, and construction to optimize
project outcomes, increase value, reduce waste, and maximize efficiency [19]. IPD method
includes some contract principles and behavior principles that promote participants” early
cooperation, increase mutual trust, and integrate multiple participants under one contract.

2.2. Selection of Major Delivery Methods

Project delivery methods have evolved from traditional DBB to IPD, but not all projects
are suitable for newly developed delivery methods. The same type of project even may
be suitable for different delivery methods. Each project should develop a project deliv-
ery method adapted to its characteristics. It is not so much that the project delivery is
selected, it is better designed [20,21]. Some researchers hope to summarize the experience
of selecting project delivery methods through existing project cases. Alleman et al. [21]
investigated 291 US highway projects and believed that the alternative contracting methods
(DB and CM) have better cost and schedule benefits and are therefore more suitable for
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highway construction. Demetracopoulou et al. [11] tested 57 lessons learned from Texas
highway projects to help clarify the difficulty of choosing PDM. Franz et al. [22] verified
the data of 212 projects to compare the cost and schedule performance of different delivery
methods. Performance-based research also includes that these provide useful references for
encouraging researchers to fully understand PDM and choices [23-25].

Another part of the researchers” hope is to develop a model of delivery method se-
lection based on summarizing the selection criteria. This in turn includes appropriate
determination of selection factors or criteria and reasonable methods. The factors for
choosing a PDM are constantly enriched [26]. Decision makers focus early on the specific
goals of the project [27,28], and as project complexity increases, factors expand to collabora-
tion, integration, sustainability, corruption prevention, etc., [19,29,30]. The corresponding
selection methods and models become more and more complex. By calculating the relative
importance of different factors in the project goal hierarchy to choose the most appropriate
delivery method, the AHP method has become the most commonly used method [4,13].
The artificial neural network method developed by Chen et al. identified similar projects
between the target projects in the database and reduced the dependence on an expert’s
judgment [3]. Many researchers have to work on fuzzy methods in choosing the appropri-
ate PDM to improve the reliability of decision making [2,14,15,31,32]. Additionally, many
researchers developed multi-attribute decision making support tools [16,33-37].

However, these efforts may face some difficulties. The complexity of the project makes
the choice of delivery method often inconsistent. When researchers try to use project
performance indicators (such as cost, schedule, production efficiency, etc.) to select delivery
methods, they often draw inconsistent conclusions. Feghaly et al. [38] concluded that
DB was statistically superior to DBB in terms of project speed and intensity. Carpenter
and Bausman [39] compared the performance of DBB and CM at Risk in public school
construction, but the results showed that no one delivery method could meet all perfor-
mance requirements. Project delivery methods should meet the requirements of the project
characteristics. However, the evolution of projects and environmental changes constantly
create new features and requirements which weaken the effectiveness of the model.

2.3. Design Structure Matrix

The design structure matrix (DSM), also known as the dependency structure matrix,
has become a widely used modeling framework in research and practice. The DSM is
a network modeling tool that reflects the interaction of the system’s elements, thereby
highlighting the system’s architecture (or designed structure) [40]. According to the type
of system being modeled, DSM can represent various types of architectures. For example,
to model a process architecture, the DSM elements would be the activities in the process,
and the interactions would be the flow of information and/or materials between them [41].
The DSM approach allows the project or engineering manager to represent meaningful
task relationships to determine a reasonable sequence for the modeled activities [42]. The
DSM has been identified as a potential tool to simulate interdependent activities, identify
suitable assumptions, and formulate and evaluate the result [43].

The activity-based DSM is basically an N-square matrix that contains an activity list of
rows and columns arranged in the same order. The order of activities in a row or column
indicates the order of execution. In DSM, the relationship between activities is represented
by the “X” mark in off-diagonal cells, which reflects the information flow between activities.
The “X” mark above the diagonal indicates the information assumption or premise needed
to start an activity. DSM is an N-square graph matrix representation of a process that
is especially suitable for modeling the sequence and iterative information relationship
between activities in the product development process [44—46].

Three possible relationship types between activities and corresponding DSM expres-
sions are shown in Figure 1.
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Figure 1. Three Configurations in DSM Analysis.

The DSM can be divided into four categories: component-based DSM, team-based
DSM, activity-based DSM, and parameter-based DSM. The former two DSMs can also be
called static DSM, and the last two can be called time-based DSM [47]. They correspond
to the four DSM structural directions, as suggested by Yassine, and demonstrate the
corresponding analysis methods as shown in Table 1.

Table 1. Four Different Types of Data in DSM (adapted from Yassine 2004).

DSM Types Representation Application Analysis Method
Activity-based DSM Activities in a process and Project scheduling,
their input and output activity sequencing, and Partitioning/Tearing/Banding/
cycle time reduction Simulation and Eigenvalue
Parameter-based DSM Parameters to determine a Low level activity sequencing Analysis
design and their relationship ~ and process construction
Team-based DSM Teams in an organization and ~ Organizational design,
their relationships interface management, and
team integration Clustering
Component-based DSM Components in a productand ~ System architecting,

their relationship Engineering, and design

Partitioning eliminates or reduces feedback marks [46]. This process reorders activities
so that dependencies are below or close to diagonals. When this is completed, we can see
which activities are sequential, which can be completed in parallel, and which are coupled
or iterative [48].

Tearing is the process of selecting the set of feedback marks that, if removed from the
matrix (and then the matrix is re-partitioned), it will make the matrix a lower triangle [48].
Once the hypothesis is made through tearing, the matrix is subdivided to determine the
preferred execution sequence [42].

Banding is to add alternating light and dark bands in DSM to show independent
(i.e., parallel or concurrent) activities (or system elements) [49]. The collection of bands or
levels constitutes the critical path of the system/project [48].

Although DSM is considered an effective tool for planning and sequencing, it is rarely
used in construction projects. DSM is mostly used for optimizing activities during the
planning and design phases [50-55]. These studies have improved the integration of
activities in planning and design, helping engineers and managers to control work more
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precisely and improve work efficiency. However, research on project delivery method
selection based on activity optimization has not been seen.

3. Research Methodology
3.1. The Primary thought of the Study

This study aimed to establish a framework model and method based on the interac-
tion between activities for selecting a project delivery method for construction projects.
Therefore, the activity-based DSMs are selected to identify the order and correlation of exe-
cution of the main activities and to analyze the likelihood and feasibility of their portfolios
to optimize the project delivery process. At the same time, partitioning is chosen as an
optimization and analysis tool because it needs to consider the combination of activities.

An example is taken from literature by [48] to explain the basic idea of the framework
and then propose the specific steps of the framework in Figure 2. Firstly, the system
activities are decomposed, and the spaghetti graph is drawn in Figure 2a. The arrow
represents the information relationship between the activities; for example, the arrow B
to C means C needs to receive output information from B before it can start. The original
DSM is drawn in Figure 2b, and finally, the partitioned DSM is shown in Figure 2c.
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Figure 2. The DSM Method Framework.

Based on the representation of the DSM activity relationship, we can sort out this
study’s basic ideas and work. The project delivery method can be associated with the
representation of three activity relationships in partitioned DSM.

(1) Once the DSM is partitioned, a series of activities are identified and executed in
sequence, such as how B and C are sequential in Figure 2. The owner can determine
an integrated contract or decentralized contract based on factors such as the closeness
between the activities. If the activities are closely linked, they should be managed by
one contractor. However, the owner can award contracts to different contractors, and
the owner is responsible for the coordination of the activities.

(2)  Activity A and K are independent or paralleled, and they can be executed concurrently
without information exchange with each other The two activities only need to start
after receiving the information of their respective previous work without considering
the status of each two of them. So, it is suitable for the owner to entrust them to
two contractors independently.

(3) In Figure 2¢, a loop is formed in blocks E-D-H: task E first needs to estimate or assume
the output of task H, the outcome of E is transmitted to task D, then the output of
D flow to task H, and finally, the output of H is fed to task E. At this point, task
E starts in a state of uncertainty and incomplete information. Many times can this
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uncertainty gradually decrease or converge only after E-D-H iterations occur. If
multiple contractors perform separately, this iteration will not be accurately predicted
and adequately controlled. There are similar but more complicated relationships
among I, L, ], and F, and more upfront planning is required. It is difficult for owners to
coordinate different contractors effectively, so they are more suitable for one contractor
to conduct integrated management.

3.2. The Procedure of the Selection Model

The selection model for PDM using DSM includes four steps: Identify Requirements or
Objectives, Building/Creating the Design Structure Matrix, Project Redesign/Optimization,
and Design/Select Project Delivery Method. The model is shown in Figure 3.

Step 1. Identify requirements or objectives. This step consists of three main tasks,
including asking the owner and environmental requirements or limitations, identifying
project characteristics, and determining project goals. Identifying the environment of the
project and clarifying the project owner’s needs is the primary task of choosing a suitable
project delivery method [4,56,57]. The sequence of activities, the responsibilities of the
organization, and the corresponding contract structure are all based on meeting the owner’s
needs. Project characteristics define the technical nature of the work [58] which will affect
the rationality and feasibility of redesigning the process. Project objectives need to be
defined broadly in terms of scope, schedule, budget, and project complexity [4].

Step 2. Building/Creating the Design Structure Matrix. Appropriate structural de-
composition and accuracy of activity dependencies determine the effectiveness of the DSM
approach [48]. This step, therefore, consists of four activities. First, the project manager
should fully decompose the project and forms a list of activities whose outputs constitute
the entirety of the project entity. The list of activities can be determined by converting
existing documents or structured expert interviews [48]. Second, the inputs and outputs of
each activity should be determined, which reflect the dependencies between the activities.
After the activities and their dependencies are entered into the matrix, an activity-based
DSM can be formed. Finally, the marks in the DSM should be checked to confirm whether
the relationships between the activities are correct and whether there are activity conflicts. It
is worth noting that even if the activities are decomposed the same in different projects, the
relationship between activities may still change with the owner’s goals and requirements.
When schedules are tight, identifying requirements may no longer be an absolute priority
activity, but instead needs to be developed gradually through constant feedback during
design and construction.

Step 3. Project Redesign/Optimization. After representing the process in the matrix,
the project can be redesigned using partitioning, tearing, banding, and clustering. As
mentioned previously, this framework focuses on the relationship and regrouping of
activities, so partitioning is the main analysis tool.

Step 4. Design/Select Project Delivery Method. In this step, the strength of the
relationship and the sequence of activities in the same partition should be checked first
from a technical, regulatory, or management perspective. A partition represents the least
amount of feedback between activities within it but may be technical, regulatory, or have
weak dependencies that are not worth management action. Once it is confirmed that there
is no unreasonableness or error, the activities in the partition can be packaged as a basis for
assigning responsible persons. Likewise, relationships between activity packages should be
examined and combined where feasible. Team activities can be assigned when all activities
and activity packages have no relationship conflicts. Finally, a suitable PDM is selected
or designed.
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Figure 3. The Framework Model Using DSM to Select the PDM.

4. Case Study

This article uses a case study to describe the feasibility of this method in actual project
implementation and uses surveys for verification. The survey asks practitioners their views
on the project’s activity relationship and inputs the feedback into the model to obtain the
simulation results. The feasibility of the method is verified by comparing the simulation
results with the actual delivery method.

4.1. Background of the Project

The project is a post-earthquake hospital reconstruction project in China with a to-
tal investment of 73.55 million yuan (US$11.37 million) and a total construction area of
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13,918 m?. The project was publicly tendered on 16 January 2018. The winning bidder was
determined on 14 February 2018 and the construction of the project began in April 2018 and
was finally finished on 7 August 2019. The funding for the project is fiscal funds, which can
remain stable and sufficient.

4.2. Identify the Owner’s Requirements and Analyze the Working Conditions

According to the central and provincial government’s overall plan, the project needed
to be delivered before the end of August 2019. The project construction period included
design and construction for a total of about 500 days. In order of decreasing importance,
the owner put forward the following requirements: to be completed on time or in advance,
without quality and safety accidents, reducing environmental damage, improving the
ability of the project to resist potential disasters, and improving the local medical level.

The historical weather statistics show that the local area faces regular heavy rains in
July, and low temperatures in November, December, January, and February. For about five
months of each year, normal construction cannot be carried out and may even be completely
shut down. Therefore, the actual available time of the project was about 350 days, which
is only 70% of the average time. The owner of this project did not have any management
capabilities or experience in similar projects. Moreover, when the project was bidding,
the project’s detailed design was not completed, and only the plan was made. The final
needs of the owner for the project were not precise, and there was the possibility of new
requirements midway. The project site was small and challenging to construct. It was close
to the river, and the groundwater level was high. The environmental carrying capacity
of the project site was fragile, and it was close to a natural heritage protection area, so
environmental pollution needed to be minimized as much as possible.

4.3. The Survey and Implementation

The survey was sent out in May 2021. The interviewees were the owner, on-site
representative of the owner, designer, contractor enterprise manager, contractor project
manager, project production manager, and project supervisor who had participated in the
project. The questionnaire asked respondents to review the project implementation process
and propose adjustments based on their practical experience.

The basic information of the interviewees and the projects they participated in are
shown in Table 2.

Table 2. Respondent Details in Survey.

Respondent Details Quantity Total (%)
By respondent’s occupation
Project manager 1 11.1
Contract Designer 2 22.2
ontractor Production manager 2 22.2
Enterprise manager 1 11.1
Project Supervisor 1 11.1
Owner 2 222
By respondent’s working year Quantity Total (%)
>15 2 222
>10, <15 4 44.4
>5,<10 3 33.3
<5 0 0

The contents of the survey mainly include:

(1)  Under the circumstance that the constraints cannot change, how can the project
activities be adjusted to achieve the owner’s goal of 30% ahead of schedule (including
deletion, merger, location change, activity association change, etc.)?

(2) If the activity changes, mark the adjusted relationship and location.
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(3) Which current project delivery method is suitable for the adjusted activities?

4.4. Identify Project Activities and Establish the Activity Decomposition Diagram

The project construction process can be decomposed into three major functions or
processes: design, preparation, and production. Each can be further divided into more
works and activities, and then a node tree can be established. The activities at the bottom
of the figure can still be decomposed. For example, ‘make detailed design’ can still be
decomposed into ‘design spaces and facades’, ‘assist in the design of external structures
and foundations’, ‘design frame and roof structures’, ‘design the complementary structures,
surfaces, fittings, and courtyard’, and ‘prepare a construction specification’ [59]. However,
these activities are generally completed by different designers within a team. As far as the
project delivery method is concerned, the work breakdown below the project work team
is no longer necessary. The works and activities are decomposed in Figure 4, and their
explanations are below:

(1) Draw up brief. It is a process to collect the basic information provided by the owner
concerning space requirements. The information consists of needs and requirements
about the economy, dimension, quality, scheduling, function, etc. Additionally,
the possibilities of site situation and availability of resources should be collected.
This work is denoted by “A” and can be composed of four activities represented by
Al1~A4, respectively.

e  Identify requirements (Al). The needs of the owner and requirements from
outside involve many aspects, including financial requirements, space scale
requirements, quality and function requirements, schedule requirements, alter-
native technical solutions, etc.

e Survey and analyze site information (A2). Analysis of the present situation
includes the availability of existing conditions and the possibility of change.
Designers and contractors need to analyze the geotechnical condition, city plan,
local planning, availability of resources and management systems, etc.

e  Establish objectives (A3). This activity formulates and establishes the overall
goals of the project. Goals may include establishing the desired attributes and
functions developed by the owner, determining regulating requirements, and
clarifying the design scope.

e  Establish design parameters (A4). Establish design limits, guidelines, and project
requirements such as budget, cost, scheduling, quality, constructability, and
environmental effects.

(2) Make conceptual design. Concept design is the forming of abstract concepts using ap-
proximate concrete expressions [60]. General concepts such as site use and boundary,
architectural consideration, major system types, and materials are explored. Concep-
tual cost estimates and budgets may also be developed. This work is denoted by “B”
and can be composed of four activities represented by B1~B3, respectively.

e Develop preliminary design (B1). This process will determine the project program
and terms to define the function. Some drawings, including the basic dimensions
of the project, the major architectural components, and structural systems, are
developed to illustrate the concept of design and the project scope.

e  Coordinate and find compatibility (B2). System schemes between disciplines
need to be coordinated for integration. Some checks such as function compati-
ble checks, quality reviews, and standard/code coordination checks should be
performed from the macro-level.

e Evaluate and review the preliminary design (B3). The owner reviews the pre-
liminary design from multiple perspectives, including meeting requirements,
function, economy, feasibility, legal and government permits, etc., to determine
whether the scheme can achieve the expected effect and whether the detailed
design can be carried out.
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Make detailed design. This process starts with the evaluation of the scheme. The
detailed design needs to be elaborated on until the contractor can choose the con-
struction method and purchase materials accordingly. The design process needs to
integrate the design process of all disciplines. This work is denoted by “C” and can
be composed of three activities represented by C1-C3, respectively.

e  Make a detailed design (C1). The detailed design includes activities such as
facade design, internal space design, decoration design, structural design, venti-
lation system design, pipe design, fire protection design, landscape design, etc.

e Check the compatibility of detailed design (C2). The design documents for all dis-
ciplines should be checked to ensure compatibility between various professional
designs and reduce or eliminate rework due to design conflicts.

e  Make the resource checklist (C3). The resource list includes raw materials and
equipment. It should list the types, quantities, specifications, models, etc. so that
the contractor can purchase resources and arrange the arrival time reasonably.

Acquire contractors. This process includes all activities concerning bidding and
tendering. This work is denoted by “D” and can be composed of four activities
represented by D1-D4.

e  Issue bidding documents (D1). The owner puts forward technical and manage-
ment capability requirements to the contractor.

e  Tendering (D2). The contractor submits documents to the owner to prove that it
is suitable for undertaking the project.

e  Review and select contractor (D3). The owner reviews the contractor’s tender
documents, and judges and selects the most suitable contractor.

e  Sign contract (D4). The owner and the contractor sign the contract after reaching
an agreement through negotiation.

Prepare for construction. The preparation mainly refers to the workforce and material
preparation made by the contractor for the construction, including the project team,
equipment, materials, etc. This work is denoted by “E” and can be composed of four
activities represented by E1-E4, respectively.

e Organize project team (E1). The contractor needs to select a qualified project
manager and teams to construct the project.

e Make a construction plan (E2). This plan is about construction scheduling, quality
assurance, cost control, and environmental protection.

e  Prepare and implement procurement (E3). The contractor needs to make an
accurate equipment and material procurement plan and carry out an inquiry,
procurement, and storage as planned.

e  Prepare site (E4). The construction site must have no legal issues and have the
appropriate condition for construction.

Construct project. Implement concrete activities to complete the tasks and objectives
specified in the project plan. This work is denoted by “F” and can be composed of
four activities represented by F1~F4.

e  Plan the daily work (F1). Decompose the overall construction plan to the work to
be completed every day according to the schedule, and formulate the personnel
and resource allocation plan, quality control measures, and inspection plan.

e Allocate the resources (F2). Allocate sufficient quantity and quality resources to
daily work.

e Do the physical work (F3). Arrange appropriate workers and tools to complete
daily work and gradually form products.

e Inspect and approve the work (F4). The contractor needs to evaluate the quality
and progress of phased products through regular inspection to ensure the project
is completed on time and reduce rework.

10
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Figure 4. The node tree of the construction project.
4.5. Identify the Relationship between Activities and Establish an Original DSM

It should be noted that there are not only the feedforward and feedback relationships
between the internal activities of each stage but also feedforward and feedback relationships
between the cross-stage activities. There are three main stages of design, preparation, and
construction in the basic model, and there are feedforward and feedback information flows
between multiple cross-stage activities. Since the construction stage may encounter different
assumptions from the design, the construction activities need feedback information from
the initial design to guide the modification, so the possible process cycles appear within
the stages and appear between stages. The dependence between activities lists in Table 3.
The original DSM is shown in Figure 5.
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Figure 5. The original activity-based DSM of the project.

4.6. The Original DSM Is Manipulated to Eliminate or Reduce the Feedback Marks

For the activity-based DSM, partitioning is the primary method to help a transparent
structure emerge. Using this method, sequential, parallel completion, coupled or iterative
activities are clearly displayed. The DSM tool is DSM_Program-V2.1 [61]. The partitioned
DSM is shown in Figure 6.

11
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Table 3. The Dependence of the activities.

Activity

Depends on

Identify requirements (A1)

Survey and analyze site information (A2)

Establish objectives (A3)

Identifying requirements (A1), surveying and analyzing site
information (A2), and developing a preliminary design (B1)

Establish design parameters (A4)

Establishing objectives (A3)

Develop a preliminary design (B1)

Establishing design parameters (A4), coordinating to find
compatibilities of preliminary design (B2), and evaluating and
reviewing the preliminary design (B3)

Coordinate to find compatibilities of preliminary design (B2)

Developing a preliminary design (B1)

Evaluate and review the preliminary design (B3)

Coordinating to find compatibilities of preliminary design (B2)

Make the detailed design (C1)

Identifying requirements (A1), checking compatibilities of detailed
design (C2), signing the contract (D4), organizing the project team (E1),
and doing the physical work (F3)

Check compatibilities of the detailed design (C2)

Making the detailed design (C1) and organizing the project team (E1)

Make a resource checklist (C3)

Making the detailed design (C1)

Issue bidding documents (D1)

Establishing objectives (A3) and evaluating and reviewing the
preliminary design (B3)

Tendering (D2)

Issuing bidding documents (D1) and organizing the project team (E1)

Review and select contractor (D3)

Identifying requirements (A1)

Sign contract (D4)

Tendering(D2) and organizing the project team (E1)

Organize project team (E1)

Reviewing and selecting the contractor (D3)

Make a construction plan (E2)

Making the detailed design (C1), organizing the project team (E1),
preparing and implementing procurement (E3), preparing the site (E4),
and inspecting and approving the work (F4)

Prepare and implement procurement (E3)

Making a resource checklist (C3) and making a construction plan (E2)

Prepare site (E4)

Organizing a project team (E1)

Plan the daily work (F1)

Making a construction plan (E2), allocating the resources (F2), and
doing the physical work (F3)

Allocate resources (F2)

Making construction plan (E2), preparing and implementing
procurement (E3), and planning the daily work (F1)

Do the physical work (F3)

Planning the daily work (F1) and allocating the resources (F2)

Inspect and approve the work (F4)

Doing the physical work (F3)

4.7. Highlight the Partitioned DSM and Explanations

The partitioned DSM highlights two blocks. The first block includes seven activities
such as A3, B1l, A4, B2, and B3 which start from the ‘establish objective’ to the ‘evaluate
and review preliminary design’. This block represents the main process of the preliminary
design. Preliminary design stipulates some design features that cannot be broken through in
the detailed design and construction, such as each system'’s, subsystem’s, and component’s
requirements and functions, a high-level outline of design features that meet each of
these requirements, and cost estimates. In many reconstruction projects, determining
the project goals clearly and making an acceptable design is not a one-time task. In
repeated communication between the designer and the project owner; the project owner
can gradually clarify his goals, and the designer can compile satisfactory deliverables.

The second block includes nine activities as E2, C1, C2, E3, C3, F3, F1, F2, and F4 which
span broadly from ‘make detailed design’ to ‘inspect and approve the work’. It spans from
design to procurement and build and spans from design to procurement and construction.
In the reconstruction environment, the interviewees think it is tough for the designer to
complete the perfect design alone and deliver it to the purchaser and contractor. More
improvement work in practice requires feedback from the contractor during construction.
This process must be speedy and smooth. Construction control must be transformed into

12
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active control, so it is necessary to monitor the progress every day and revise the plan
and resource allocation for the next day in real-time. These feedbacks are all divided into
the same block, indicating that they are closely connected and suitable for integration
consideration in organizational arrangements.
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Figure 6. The partitioned DSM of the project.

Some activities after partitioning have changed in order, D3 (evaluating contractor),
E1 (building a project team), and E4 (preparing site) before D2 (tendering) and C1 (detailed
design). Bidding is a test of the contractor’s capability. However, the construction period
will be greatly extended if the contractor and bidding are inspected after the detailed design
is completed, as in the traditional delivery method. The reconstruction environment is
complex and changeable. Contractors need not only sufficient technical force but also
strong comprehensive management and coordination capabilities. Therefore, in order to
speed up the development of the project, more capable contractors should be evaluated
in advance and the contractors should get to know the conditions of the scene earlier
in order to make full preparations. The bidding documents submitted by the contractor
should show the organization’s comprehensive capabilities for the future implementation
of the project, such as the organization’s ideas and technical arrangements, the handling of
emergencies, and the procurement and deployment of resources.

4.8. The Selection of PDM

According to the activity relationship in DSM, we can not only understand the current
delivery method but also design a delivery method that is more suitable for project require-
ments based on the activity relationship. As mentioned previously, selecting PDM also
needs to consider requirements and scenarios. Therefore, after considering the owner’s
requirements, appropriate PDM decisions can be made from the DSM.

The characteristics of the case project include many participants, but the owner was in-
capable of fully managing and has strong time constraints. The partitioned DSM shows that
it could be integrated into one block from detailed design to construction completion which
means that it can be implemented by one party. The tasks that needed to be transferred
and coordinated by the owner were all completed by the contractor when the contractor
carried out multi-stage work. The interaction between activities becomes the internal staff’s
work with the contractor which will greatly shorten the time and cost of coordination [62].
When the acceleration techniques are adopted, information exchange between personnel
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and between subcontractors will become more frequent, and the advantages of integrated

delivery methods will become more prominent.

Other goals of the owner included controlling investment and improving medical
standards. This determines that control cannot be completely abandoned. Early evaluation
of the contractor’s ability and deep participation in preliminary design could achieve the
owner’s goal, and at the same time, it could strengthen the owner’s control over the main
subsystems and avoid large investment deviation and function deviation.

Therefore, according to the partitioned DSM and opinions of interviewees, this project
was suitable for delivery with higher integration such as BD or CM or its variation. The

project process of partitioned DSM is shown in Figure 7.
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Figure 7. The Project Process based on the partitioned DSM.

This project adopted the EPC delivery method, which is very close to the conclusion
obtained by the DSM method. The general contractor was a consortium composed of a
design enterprise and a construction enterprise. Both parties participated in the bidding
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according to the preliminary design completed by the design enterprise entrusted by
the owner, and finally won the bid and undertook the detailed design, raw material
procurement, and construction. The professionals dispatched by both parties worked
together on-site, which reduced the information transmission path, carried out simulation
and error correction in advance, and reduced rework.

5. Discussion
5.1. The Type of DSM to Be Used

Successful project implementation needs to understand the project structure and
develop and manage a strategy [63]. The selection framework proposed in this study
establishes a process model from the relationship between each activity in the construction
process and selects the appropriate or optimal delivery method by identifying the relation-
ship between the activities and rearranging the sequence of activities. The framework can
also prove the rationality of the selected delivery method or optimize the order of activities
in the delivery method.

DSM can be divided into four systems that are interrelated [47]. Which type of DSM
to use should depend on the purpose. When only process analysis and optimization are
performed, activity-based DSM is used more [64—66]. The parameter-based DSM can better
analyze the probability of repetition, the variability of exchanged information, and the
impact of iteration [67]. A team-based DSM can clarify how the implementers of various
activities communicate and connect with each other. As mentioned earlier, the project
delivery method ultimately determines the scope, time, and division of responsibilities
of the organization’s activities, and limits an organization or group to undertake a single
task or multiple related activities. Through appropriate calculations such as partitions and
clusters, participants can be combined and divided to achieve the purpose of optimizing the
organization. The choice of project delivery method is always a multi-objective optimization
problem that needs to be weighed in terms of objectives, management capabilities, and
management methods. Constructing a combination of activity-based DSM and team-based
DSM under specific target requirements can help decision makers to allocate personnel and
responsibilities reasonably.

5.2. Establishing the DSM under the Requirements of a Particular Project

Analysis and examples show that the proposed framework helps to select the most
objective delivery method or verify the rationality of the delivery method and optimize
activities. However, it should be noted that the needs of the owner always have an
important influence on the selection process, and even the relationship between the same
type of project activities under the different needs of the owner may be different. Therefore,
determining the owner’s needs is the fundamental requirement for applying this method.

When the project is under high time pressure, finding connections between activities
and their intensity to increase activity overlap and reduce rework becomes the main re-
sponse method. As time becomes the highest priority goal, the division of design phases
will be simplified, design and construction need to be partially paralleled, and the informa-
tion feedback path of activities needs to be redesigned. Based on the relationship between
these activities, one can choose the delivery method that can best achieve time compression.
When quality becomes the main goal, due to the uniqueness of construction products, more
small-scale coupling activity packages need to appear in the delivery method to ensure that
product quality is always controllable and form a final product with satisfactory quality.

5.3. Decomposing the Activities

This case study only carried out a three-level decomposition because the hospital
project was only 13,918 m? and the scale of the project was not large. In order to ensure
that it was completed on time, the owners and contractors were willing to use traditional
construction technology rather than innovative technology. The workflow was not much
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different from regular projects. Project delivery methods vary depending on the scale and
technical complexity of the project and will also change during hierarchical decomposition.

Proper decomposition is the key to effectively solving big and difficult problems,
which can minimize the interaction between sub-problems [68]. Finding the right level of
abstraction to formulate a DSM is not easy since activities can be defined at multiple levels,
from very detailed to high-level abstraction [69]. Too much or insufficient task decomposi-
tion may lead to management failure. The more decomposition levels, the more specific
the underlying activities performed by individuals or small teams. Through continuous
decomposition levels, the size of the model increases exponentially, the management orga-
nization will increase, and the efficiency will decrease. Too few decomposition levels will
result in blurred relationships between activities and unclear division of the management
interface. The general rule is to model the process to the level of detail that people want to
understand and be able to control the process [47]. The delivery method is expressed as a
contract, so it usually only involves the enterprise (sub-enterprise) level and does not need
to target individuals or small teams.

5.4. The Expression and Use of Activity Relations

DSM has developed many ways to express the relationship between tasks such as
marks, numbers, colors, shadows, etc. This research only uses the most basic markup
methods. This expression simply indicates whether there is an interconnection between
activities [70]. Other expressions can express more information, such as the probability of
overlap or rework between activities [71], interaction strength [72,73], and the duration of
the activity [74,75].

In the above information, the connection strength of activities is an important criterion
in the choice of project delivery method, especially the delivery method that needs to
shorten the project duration. Stronger connections mean that activities can receive more
complete information before they can be implemented. Therefore, more effective mea-
sures and organizational methods need to be used to ensure the efficiency of information
transmission. However, taking additional measures at the same time may bring additional
costs. Only when the benefits of relatively strong activity adjustments are greater than the
increased costs are adjustments worthwhile, while weak links can be used to diversify risks
through contracts and other means. Therefore, follow-up research should deeply analyze
the relationship between activity intensity and activity combination from activity intensity.

6. Conclusions

Relationships between activities will become more complicated as building technolo-
gies evolve, requiring more flexible delivery methods. A proper PDM will directly affect
the effectiveness of the owner’s and contractor’s organizational arrangements and resource
allocation, which will affect the project’s success. Therefore, it is necessary to carefully
select/design the appropriate PDM at the beginning of the project. Different delivery
methods adapt to other activity processes and therefore require different organizational
approaches. The delivery method is determined according to the process to maximize
the satisfaction of the project requirements. Activity-based DSM can show feedforward
and feedback between activities. Operation methods such as partition can optimize and
reduce rework caused by information feedback, shorten project duration, and save cost.
Depending on the relationship between the activities, the decision maker can choose to
delegate certain activities to the appropriate contractor and determine the proper PDM. At
the same time, the selected PDM can also be optimized through this framework.

The goal of this paper is to develop an analytical framework that can be used in
the early stages of project contracting to demonstrate to participants project activities
and the relationships among participants and to support participants’ effective allocation
and coordination of work. The framework shows the whole process of the project and
its activities in a visual way. When decision-makers are faced with specific goals, such
as shorter time frames, cost savings, and better organization, this framework can assist
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decision-makers in comprehensively reviewing the project and making quick judgments
to design the appropriate PDM. The difference between the study and previous studies is
that the characteristics of the delivery method are designed from the internal process of the
project, rather than extracted from the completed project, which is universal and stable and
will not be invalid due to the changes in the project.

In summary, the following managerial insights can be helpful for PDM selection.

Process-based PDM selection can reduce decision-making difficulties caused by changes
in project characteristics and complexity and improve the pertinence and universality
of PDM.

Applying this method to select an appropriate PDM with an organized structure
reduces the subjectivity of decision makers.

The framework visualizes the entire process of the project, helping decision makers
comprehensively review the project and make quick decisions.

In the absence of experienced decision makers, or the absence of consensus among
decision makers, this research will provide good insights to support the final decision.

This research is associated with the following limitations:

e The research did not consider the intensity of the relationship between activities which
directly affects the trade-off between the costs and benefits of activity adjustment and
then affects the decision results. The empowerment of association strength should be
a direction of further research in the future.

e  This research only considered the activity-based DSM; the project team staffing and
responsibility assignment should be considered in combination with the organization-
based DSM in the future.
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Abstract: The ability to foresee hazards early plays a critical role in estimating the entire cost of a
project. Although several studies have established models to predict the total cost of a project at a
conceptual stage, there remains a research vacuum in measuring the overall risk at this stage. Using
artificial neural networks, this research provides a strategy for estimating the overall risk in residential
projects at the conceptual stage. There are eight important components in the suggested paradigm.
The model was created using data from 149 projects. In the first hidden layer in the model, there are
five neurons, and in the second hidden layer, there are three neurons. The suggested model’s mean
absolute error rate was 11.7%. In the conceptual stage of residential projects, the number of floors,
the type of interior finishes, and the implementation of risk management processes are the significant
aspects that influence the overall risk. The proposed model assists project managers in precisely
estimating the project’s overall risk, which leads to a more accurate estimation of the contract’s entire
worth at the conceptual stage, allowing the stakeholders to decide whether or not to proceed with
the project.

Keywords: early-stage; overall risk; residential projects; a multilayer perception

1. Introduction

A project’s cost should be projected with a high degree of precision; however, making
a conceptual cost estimate is challenging at this time due to a lack of data [1]. Construction
companies require an early budget estimate to assess whether this expenditure is acceptable
and, hence, whether the project should be continued or abandoned. To estimate the contract
value, the project manager usually calculates the direct cost, indirect cost, profit, and
contingencies for project risks. As a result, performing an early risk assessment is critical.
Stakeholders can make decisions and choices during the conceptual stage of the projects,
which have major impacts on construction duration and costs, but this effect reduces as the
project progresses through its life cycle [2]. Negative risks may result in schedule delays
and expense overruns [3]. As a result, the project manager should concentrate as much as
possible on the major risks [4]. Overall risk estimation suffers many challenges during the
conceptual stage of a project due to the limited data provided. A major issue that develops
in the early phase is the lack of effective and reliable overall risk estimation approaches. As
a result, project decision-makers have begun to focus more on conceptual planning, where
a thorough cost analysis is a critical component in achieving the project’s objectives [5].
The goal of the estimation process is to make sure that the contract plans and specifications
match the cost of completing the project [6].

Developing cost estimation models, both in the planning stage and in the conceptual
stages of a project, has been the subject of a lot of research. Despite the importance of overall
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project risk, there is a gap in the research on assessing the overall risk in the conceptual stage
of a project when there is insufficient project information, necessitating the development
of a model for predicting the overall risk at the conceptual stage of a project [7]. This
research uses artificial neural networks to construct a model for evaluating the overall
risk in residential projects, based on a few characteristics that may be easily recognized
at a conceptual stage with acceptable accuracy. In other words, this research does not
investigate the assessment of individual positive or negative risk variables, but rather the
classification of the overall risk of residential projects at a conceptual stage based on the
influence on project cost.

As there is a gap in developing a method to estimate the total risk in the conceptual
stage, this research aims to propose a model to predict the overall risk of residential build-
ings at the conceptual stage using an artificial neural network with a multilayer perception.

2. Literature Review

Financial risks are regarded as the most significant risks in construction projects in
Egypt and Saudi Arabia, followed by design, political, and construction risks [8]. Lack of
money, a tight deadline, design revisions, insufficient information on sustainable design,
and a weak definition of sustainable scope were the top hazards to sustainable building
projects in the UAE [9]. At the planning stage, risk assessment models have been proposed,
using an artificial neural network such as risk assessment in Saudi Arabian building
projects [10] or the construction of an expressway [11]. Another model, based on system
dynamics and discrete event simulation, was proposed to evaluate the impact of risk factors
on project schedules in infrastructure projects [12]. Al-Tabtabai and Alex (2000) provided
an ANN-based model for predicting project cost escalation owing to political concerns and
the average error was 7% [13]. A model using the Bayesian Belief Network was developed
to assess and enhance the implementation of residential construction projects. Improper
construction procedures and poor communication were the top risk factors [14]. At a
conceptual stage, the most important aspects that determine the overall risk are the use of
risk management processes, the entire project duration, contract cost, and contract type [15].
The most essential criteria in the tender process are price, the scope of work, and technical
resources [16].

At the conceptual stages, there is a research gap in estimating overall risk. As a result,
an essential point to consider is what proportions of errors are acceptable in any model
assessing the overall risk. For every equation or model, there is a rate of error, but how
can this ratio be judged, meaning how one can determine if the model is accepted or not.
It is not fair to judge the error rate of a model in the conceptual stage, where there is
not enough information, to the error rate of a model in the design stage where there is
sufficient information. It is expected that the error rate is less in the design stage than at the
conceptual stage. Therefore, the error rate of any model must be compared with the extent
of errors in the same stage. Since there is no research that deal with estimating the total risk
of the project in the conceptual stage, the error rate in the proposed model for calculating
the total risk of the project in the conceptual stage was compared with the acceptable range
of the rates of estimation models for cost estimation models in the conceptual phase. Hence,
to estimate the allowable range of percentage errors, the authors relied on a review of past
studies on cost estimation at a conceptual stage.

To estimate the cost of school buildings in Korea, ten factors were identified. Three
models were developed to calculate the cost of the school buildings, based on 217 projects.
The first model was developed using neural network techniques, while the regression
analysis was used in the second model and the third model was presented using the support
vector machine. The results of the neural network model showed a more accurate estimate
than the results of regression analysis or the supporting vector machine models [17]. Two
studies were conducted in Gaza to estimate the cost of buildings at an early stage. The first
research was based on seven variables and a model was proposed based on information
derived from 71 construction projects using artificial neural networks [18]. While the
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second research developed a model for assessing the cost of construction projects with
a high degree of accuracy and without the need for a lot of information, through the
use of artificial neural networks. A database of 169 projects was collected from relevant
institutions in the Gaza Strip has been adopted. The artificial neural network model has
eleven factors as independent inputs [19]. A study to predict the cost of construction
projects at the conceptual stage in Taiwan using ten parameters. The research suggested
the utilization of the evolutionary fuzzy neural inference model to enhance cost assessment
accuracy. The proposed model was relied on eleven factors [20]. In Egypt, a model to assess
the cost of a residential building at an early stage using the artificial neural network and data
obtained from 174 residential projects. The proposed model depended on four parameters:
number of floors, the area of the floor, type of external finishing, and type of internal
finishing [21]. The costs of 136 executed projects were utilized to propose an artificial neural
network model to predict the preliminary cost of construction projects in Yemen. The
suggested model contained 17 factors [22]. In the United States, research was conducted on
the difference in the computation of construction costs utilizing artificial neural networks
by comparing nineteen variables in 20 projects [23]. In Taiwan, a study has presented a
prototype for the rapid assessment of a proposal integrating a probabilistic cost sub-model
and a multi-factor assessment sub-model. The cost-based sub-model concentrates on the
cost divisions. While the multi-factor assessment sub-model captures the specific elements
influencing the cost division. That research is based on 21 variables [24]. The eight previous
studies mostly agreed on nine primary factors that can be used for cost estimates at the
conceptual stage of a project. These nine parameters are floor area, number of floors, type
of foundation, number of elevators, type of slab, type of exterior finishing, interior finishes,
type of electromechanical works, and number of basements. Table 1 shows the different
sources for each parameter.

Table 1. Sources of parameters influencing the cost estimation.

Factor [17] [18] [19] [20] [21] [22] [23] [24]
Floor area V4 Vv Vv Vv Vv Vv v v
Number of floors V4 v Vv Vv v v v v
Slab type v v v v v
Internal finishes 4 v Vv Vv v v v
Number of elevators V4 v Vv v v
External finishes V4 Vv Vv v v
Foundation type Vv v v v
Basement 4 v v
Electromechanical type Vv Vv v V v

The symbol “+/” means the corresponding research determined the corresponding factor as a key factor for
identifying the cost estimate at the conceptual stage.

Traditional cost estimation strategies in construction projects are the most often used.
They rely on time-consuming manual project cost estimation or Excel spreadsheets, rather
than using computerized tools to estimate building costs. Soft computing strategies for
conceptual-stage software development were compared by Bhatnagar and Ghose (2012).
The feed-forward back propagation neural network model had a mean absolute percentage
error (MAPE) of 13%, a cascaded feed-forward back propagation neural network model
had a MAPE of 13.6 percent, a layer recurrent neural network model had a MAPE of
11.5 percent, and a fuzzy logic model had a MAPE of 3.9 percent. This means they accepted
models up to MAPE with a 13.5% acceptance rate [25].

There is a lot of research that investigates the cost estimates at the conceptual stage.
Each research proposed a model with a mean absolute percentage error. Table 2 shows the
mean absolute percentage error for some of these prior studies. Which illustrated that the
errors in the proposed models were ranged from 4-28.2%. This means that the maximum
acceptable mean percentage error in the proposed model at the conceptual stage is 28.2%.
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Table 2. The minimum absolute percentage errors for the previous studies.

Reference Research MAPE
[26] Data modelling and the application of a neural network approach 16.6
to the prediction of total construction costs '
[27] A neural network approach for early cost estimation of structural 7
systems of buildings
28] Conceptual cost estimates using evolutionary fuzzy hybrid neural 104
network for projects in the construction industry '
[18] Early-stage cost estimation of buildings construction projects using 4
artificial neural networks
[19] Cost estimation for building construction projects in the Gaza Strip 6

using an artificial neural network (ANN)
Comparison of school buildings” construction costs’ estimation
[17] methods using regression analysis, neural network, and support 5.27
vector machine
Estimating water treatment plants’ costs using factor analysis and

(29] artificial neural networks 212
Conceptual cost estimation model for engineering services in
[30] . . . 282
public construction projects

31] Cost estimation of civil construction projects using machine 62
learning paradigm ’

[32] Comparison of artificial intelligence techniques for project 2623
conceptual cost prediction ’

[21] A hybrid approach for a cost estimate of residential buildings at the 132

early stage

Limited studies in the conceptual stage of risk estimation identified four criteria: use
of risk management processes, duration of the entire project, total cost, and type of contract.
As the total cost of the project can be estimated through nine criteria: floor area, number
of floors, type of foundation, number of elevators, type of slab, type of external finishing,
internal finishes, type of electromechanical works, and number of basements. Hence, the
cost of the project can be replaced by these nine factors. The type of contract was not
included due to research limitations, as the research is related to estimating the cost of
housing projects based on a fixed price contract only. Hence, the initial list of criteria used
to derive the overall project risk at the conceptual stage contained eleven criteria: floor area,
number of floors, type of foundation, number of elevators, type of slab, type of exterior
finish, interior finishes, type of electromechanical works, number of basements plus the use
of risk management processes, and the entire project duration.

3. Methodology

This study’s approach is divided into three sections. The first step in achieving the
study’s goal is to identify the essential components influencing the overall risk assessment
by evaluating past research studies that focus on construction cost and risk estimation at a
conceptual stage. As a result, eleven construction elements (or processes) were presented
in the primary list. Five experts with at least 15 years of experience in the construction of
residential projects were randomly selected. The primary questionnaire was presented to
the experts using the Delphi technique to determine the parameters in the final question-
naire in three stages. In the first stage, experts were asked to add any missing criteria, if any,
that could affect the overall risk and could be discovered in the conceptual stage. Data are
collected from experts, revised, and re-sent back to the experts where they are asked to rank
each criterion on a five-point Likert scale. After collecting the data from the second round,
the averages are calculated and any factor that has a very low impact on estimating the
overall risk of the project is removed from the final list. In the third round, the experts are
asked to assess whether or not they agree with the final list. The third step is to develop the
model. The model is simulated using artificial neural networks using Statistical Package
for the Social Sciences (SPSS) software. The critical parameters that affect the estimation of
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the overall risks at the conceptual stages are considered as inputs to the model while the
output is the overall risk of the project. The model may contain one or two hidden layers.
The number of neurons in the one-hidden-layer model can be three, four, or five. In models
with two hidden layers, the number of neurons can be four in the first layer and three in
the second, or five in the first layer and three in the second, or five in the first layer and
four in the second. Thus, there are three different groups in terms of the number of neurons
in each hidden layer. Hence, six models can be developed. The hyperbolic tangent function
was used as an activation function for the hidden layers in six models, and the Sigmoid
function was tested as an activation function for the hidden layers in six other models.
Hence, twelve Multilayer Perceptron models have been identified and tested. To evaluate
the performance of the model, the available data were also randomly divided 5-fold. The
first fold contains 29 cases, while the subsequent folds contain 30 cases. Four folds were
used to train the network in each model, while the fifth fold was used to evaluate the model.
The final proposed model for estimating the overall risk in the conceptual stages is the
model with the lowest mean absolute error rate.

4. Identifying the Critical Parameters Affecting the Estimation of Overall Risk at the
Conceptual Stages

Literature analysis and earlier research yielded eleven criteria that can be utilized
to forecast overall risk in residential projects. Floor space, number of floors, slab type,
interior finishes, number of elevators, external finishes, electromechanical type, number
of basements, foundation type, risk management implementation, and overall project
duration are some of the elements to consider. Five experts with at least 15 years of
experience in residential project management used the Delphi technique to select the final
parameters. Table 3 shows the demographic information about the experts. The experts
were requested to add missing parameters, if any, that could affect the overall risk and
could be discovered at a conceptual stage, in the first round. There is no missing factor
according to the experts’ responses. On a five-point Likert scale, the experts were asked to
evaluate the weight of each parameter in the second round. “1” indicates that this element
is inconsequential; “2” suggests low importance; “3” indicates moderate significance;
“4” indicates high significance; and “5” indicates extremely significant. Equation (1) was
used to calculate the relative relevance index based on the responses received. Table 4
displays the relative importance indexes. The lowest number on the Likert scale is “1,” and
the highest is “5”, resulting in a range of four, which will be graded according to the five
categories. The zone for each category is 0.8. The very low category has a range of 1 to 1.8.
The low category has a range from 1.8 to 2.6, while the range of the medium category is
from 2.6 to 3.4. The high category is from 3.4 to 4.2, whereas the very high category is from
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Table 3. Demographic data regarding the experts.

Expert 1.D. Education Level Experience Job Title Company
Expert (1) Bachelor of Civil Engineering 18 Project manager Private
Expert (2) Bachelor of Civil Engineering 15 Risk manager Private
Expert (3) Ph.D. in Civil Engineering 22 Project manager Private
Expert (4) Bachelor of Civil Engineering 17 Project manager Public
Expert (5) Bachelor of Civil Engineering 16 Project manager Private
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Table 4. The relative importance indices of critical parameters.

Expert LD. iloor Number of  Slab Il_'ntgmal Elevator E.xt_ernal Foundation » ¢ Electr hanical M. Risk . I;fg;:it
rea Floors Type  Finishes Finishes Type Applicati Durati
pplication uration

Expert (1) 4 4 1 3 1 3 1 2 2 3 4
Expert (2) 4 4 2 2 1 2 2 3 3 3 5
Expert (3) 3 4 1 1 1 1 1 2 3 4 4
Expert (4) 4 5 1 2 1 2 2 3 4 3 5
Expert (5) 3 4 2 2 2 2 2 2 2 3 4

RIT 3.60 420 1.40 2.00 1.20 2.00 1.60 2.40 2.80 3.20 4.40

Grade H VH VL L VL L VL L M M VH

The five experts agreed that the total duration of the project and the number of floors
are the most important factors, with relative importance indices of 4.4 and 4.2, respectively,
followed by the floor area, which has a relative importance index of 3.6. Experts agreed that
the risk management application and the type of electromechanical factors are considered
to have a medium effect on the cost estimation. While the factors of interior finishes,
exterior finishes, and the number of basements were considered to have a low impact on
cost estimation by experts. Whereas slab type, elevator number, and foundation type had
very low impacts on cost estimation. As a result, any factor with an RII of less than 1.8 was
eliminated from the final list. As a result, the slab type, elevator number, and foundation
type were left off the final list of parameters influencing the total risk prediction in the
conceptual stages. The final set of criteria consisted of the remaining eight parameters.
Experts were asked to assess whether or not they agreed with the finalist list in the third
round. Regarding the final list of criteria, which includes the remaining eight criteria, the
experts agreed unanimously.

5. Data Collection

There were eight input parameters and one output variable in the data collected. Less
than 200 square meters, 200 to 400 square meters, 400 to 600 square meters, and more than
600 square meters were the four categories for the floor space factor. The authors divided
the factors of the number of floors into four categories: one or two floors, three to five
stories, six to eight stories, and more than eight stories. The interior finishes variant is
categorized into four groups: no interior finishes, basic, semi-finished interior finishes, and
luxurious interior finishes. The choice is of the type of semi-finished interior finishes in
the case of normal plaster for walls only and there are no paintworks, whereas for the type
of basic interior finishes, it is in the case of the presence of paint works for the walls and
ceramics for the floors. The type of luxurious interior finishes is chosen in the case of the
presence of paint works for the walls and porcelain or marble works for the floors. The
external finishing aspect was simply divided into two categories: basic and luxurious. The
type of basic external finishing is chosen if the facades of the building have been painted
only without any works of marble, Hashemite, or Pharaonic stone, while the external
finishing is considered the luxurious type if the facades of the building have been done
with any works of marble, Hashemite, or Pharaonic stone. There were two groups for
the number of basements parameter: no basement and one basement. The overall project
duration parameter was divided into four categories by the authors: less than six months,
six months to a year, one year to two years, and more than two years. The risk management
process application parameter was split into two categories: no risk management processes
were performed on the project and risk management procedures were performed on the
project. Electromechanical can be divided into two categories: basic and luxurious. The
type of the electromechanical parameter is considered with the basic standards if the scope
of work includes the main works of water, electricity, and sewage outside the apartment,
but if it includes the internal works of the apartment, the type of the electromechanical
parameter is considered a luxury type.
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Based on the review of planned cost and actual cost data and using Equation (2), the
authors assessed the overall percentage of risk for the completed projects. A project is
excluded from the analysis if there is insufficient information about its planned cost or its
actual cost. According to Table 5, the overall percentage of risk which is the major outcome
variable was divided into three levels: low, medium, and high-risk scores.

|AC — PC|
T><10

%OR = 0 (2

“%OR" represents the overall percentage of risk, “PC” represents planned cost and
“AC” represents an actual cost.

Table 5. The Classifications of outputs.

Category Low Medium High
Impact on cost Less than 10% 10-20% More than 20%

The authors examined 250 projects and discovered that some data for the eight input
variables or the result variable were missing. As a result, only the full data of 149 actual
residential projects were accessed. For example, out of the 149 projects analyzed, “case no.
the 26” project consisted of a 12-story building with 500 square meters per level, exquisite
interior and exterior finishes, and luxurious electromechanical work. This building has
one basement and was built in 20 months using risk management procedures, with an
overall risk of roughly 12%. Due to the enormous population, it was assumed that the
population’s size was unlimited, so the sample size could be calculated using Equation (3).
Table 6 shows demographic information about the respondents, whereas Table 7 shows
demographic information about the inputs gathered from 149 projects.

Z*x px (1—p)

85 = =

@)
where SS stands for sample size, Z stands for 1.96 with a 95% confidence level, p stands for
the probability of selection, and C stands for the confidence interval. The sample size in

this study was 149 projects, and the p-value was 0.5, hence the confidence interval was 0.08.

Table 6. The demographic data regarding the respondents.

Work Experience in the Construction Industry

From 5 to 10 Years  From 10 to 15 Years More Than 15 Years

Site engineer 42 29 0
Job title  Project manager 7 52 13
senior manager 0 0 6

Table 7. Demographic data of inputs.

Floor Area (A) Number of Floors (N) Internal Finishes (IF) Total Project Duration (D)

Less than 200 28 one or two 36 N.A 20 Upto6 32
200 to 400 45 three to five 41 half-finished 49 6to12 40
400 to 600 46 six to eight 36 Basic 48 12to 24 40
more than 600 30 more than 8 36 luxury 32 more than 24 37

External finishes (EF) Number of basements (B)  Risk management processes (RM)  Type of electromechanical (E)
Basic 72 No 118 No 132 Basic 77
luxury 77 One 31 Yes 17 luxury 72
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Using Equation (4), the authors estimated Cronbach’s Alpha for items. Cronbach’s
Alpha has a threshold of 0.7 [33]. Cronbach’s alpha in this study was 0.757, which is higher
than 0.7. It indicates that the scale is consistent and does not contradict itself, implying that
it will produce the same findings when applied to the same sample again. Validity refers to
how accurate a measurement is. The validity of this study was 0.87.

_n Vi
oc_n71><<177> (4)

7o

where “n” represents the number of items, V; represents the variance of item 7, and V;
represents the variance of the test score.

6. Model Specification

The model was simulated using artificial neural networks. Due to its ease of use, IBM
SPSS software was chosen to construct the model. It has a simple user interface and can
be quickly imported and exported from Excel. The model has eight input parameters and
just one output. Floor space, number of floors, interior, and exterior finishes, number of
basements, total project time, risk management process application, and electromechanical
type are all inputs. The output, on the other hand, is the overall risk factor. To evaluate the
model’s performance, the acquired data were randomly divided into 5-fold cross-validation.
The first fold has 29 cases, whereas the subsequent folds have 30. Four folds were utilized
to train the network in each model, while the fifth fold was used to evaluate the model.
One hidden layer or two hidden layers might be present in a model. As a result, there are
two different sorts of hidden layer groups. The number of neurons in the model with one
hidden layer can be three, four, or five. In models with two hidden layers, the number of
neurons can be four in the first layer and three in the second, or five in the first layer and
three in the second, or five in the first layer and four in the second. Thus, there are three
different groups in terms of the number of neurons in each hidden layer. The hyperbolic
tangent function or the sigmoid function was employed as an activation function for the
hidden layers, and both were investigated. Equation (5) can be used to estimate the number
of models that can be tested. Twelve Multilayer Perceptron models were identified and
tested as a result. The examined models and their mean absolute errors (MAE) in each
k-fold are shown in Table 8. Equation (6) can be used to calculate the mean absolute
error [34].

N = Nj x Na X Ng (5)
(2N (ER - RS))
MAE = ~——— (6)

where “N,,,” stands for the number of models, “N;” for the number of hidden layers, “N,”
for the number of hidden layer activation functions, and “N¢” for the number of neuron
groups. “ER” stands for the model’s estimated risk, “RS” for the risk score, and “N” for the
number of case studies.

The mean absolute error of any model is equal to the mean error in its k-fold. Hence,
the proposed model should have the minimum percentage of MAE. In this study, the MAE
was equal to 11.7%, as shown in Table 8. The proposed model consists of two hidden
layers: five neurons in the first hidden layer, and three neurons in the second hidden layer.
The activation function of the hidden layer was the Hyperbolic Tangent function in the
proposed model. Figure 1 illustrates the structure of the proposed model. The real and
estimated overall risks are presented in Table 9.
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Table 8. Mean absolute error of the models.

Model H3-0 H4-0 H5-0 H4-3 H5-3 H54 S3-0 S4-0 S5-0 S4-3 S5-3 S5-4
No. of hidden layer 1 1 1 2 2 2 1 1 1 2 2 2
No. of neurons in the 3 4 5 4 5 5 3 4 5 4 5 5
first layer
No. of neurons in the ) B B 3 3 4 B ) B 3 3
second layer

Activation Function H H H H H H S S S S S S

K-1 11.4% 10.7% 134% 10.7% 134% 134% 14.8% 154% 181% 181% 154% 13.4%

K-2 10.7% 10.7% 13.4% 134% 9.4% 10.7% 12.8% 94% 141% 134% 14.1% 10.7%

K-3 12.8% 161% 16.8% 16.8% 14.8% 16.1% 20.8% 154% 16.8% 154% 12.1% 17.4%

K-4 16.1% 154% 16.1% 16.8% 10.1% 14.8% 195% 12.8% 16.8% 221% 18.1% 22.8%

K-5 10.7% 14.8% 16.1% 14.8% 10.7% 16.1% 154% 16.8% 18.8% 14.8% 19.5% 20.1%

MAE 12.3% 13.6% 152% 14.5% 11.7% 142% 16.6% 14.0% 16.9% 16.8% 15.8% 16.9%

“H” stands for the Hidden Layers’ Hyperbolic Tangent activation function and “S” stands for the Hidden Layers’
Sigmoid activation function.

Literature review
Primary Questionnaire

Experts judgment
ere a
onsensus’,

Yes
Final Questionnaire

| Collect data from real projects

Constructing ANN model

s the mode
accepted?

‘ Select the best Model ‘

¥

| Conduct the sensitivity analysis |

Figure 1. The Methodology of research.
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Table 9. Classification of overall risk.

s ) Predicted
ample Classificati
P asstiication Low Medium High Percent Correct

Low 73 5 0 95.5%

Training Medium 5 26 1 85.1%
High 0 4 5 57.7%
Low 14 2 0 92.6%

Testing Medium 0 9 1 85.7%
High 0 4 0 23.1%

7. Discussion

There is very little research on total risk assessment at the conceptual stage. For
example, Oad et al. (2021) determined that price, the scope of work, and technical resources
are the most important criteria in the bidding process at the conceptual stage [16]. Another
study identified project cost, total project time, contract type, and use of risk management
techniques as the primary criteria that can be used to assess overall risk in apartment
buildings at the conceptual stage [15]. In this research, the main criteria used to estimate
the total risks at the conceptual stage in residential projects are the number of floors, the
building area, the interior finishes, the exterior finishes, the number of basements, the
total duration of the project, the type of electromechanical, and the application of risk
management processes. The scope of work that was identified as a critical factor in the
study by Oad et al. (2021) was expressed in the current study by the number of floors,
building area, internal and external finishes, and the number of basements. The duration of
any activity can be estimated based on the required quantity and the production rate of the
available resources. Hence, the technical resources identified by Oad et al. (2021) as critical
factors in the conceptual stage were expressed in the quantities that can be inferred from the
scope of work and the total duration of the project in the current study. Whereas the project
cost component in the conceptual stage, which was identified by Badawy et al. (2022) can
be estimated through many previous studies in the conceptual stage, which indicated that
the cost can be deduced from the number of floors, building area, interior, and exterior
finishes, and the number of basements, which was applied in the current study. Therefore,
the eight input variables in the current study are in agreement with previous studies.

In the training phase, the proposed model predicted an average of 104 cases correctly
and accurately with a ratio of 87.4% and predicted 15 cases incorrectly. The MAE for the low
overall risk classification was 4.5%, and for the medium overall risk, the MAE was 14.9%.
Unfortunately, the prediction of the overall risk in the case of the high-risk classification was
42.3%, which is considered a high ratio. In the testing phase, the proposed model predicted
an average of 23 cases correctly and accurately with a ratio of 76.7% and predicted 7 cases
incorrectly. The MAE for the low overall risk classification was 7.4%, and for the medium
overall risk, the MAE was 14.3%. Unfortunately, the prediction of the overall risk in the
case of the high-risk classification was 76.9%, which is considered a high ratio. Hence, the
results indicated that this model is excellent in predicting the low and medium overall risk
at the conceptual stage.

The mean absolute percentage error was 16.6% in an ANN model for estimating the
total construction costs [26], while the MAPE was 13.2% in a hybrid technique for a cost
assessment of residential projects at the early phase [21]. The MAPE was 26.3% an ANN
approaches for cost forecast at the conceptual stage [32], while to estimate the cost of water
treatment plants, the model has an error of 21.2% [29]. A model to predict the conceptual
cost for engineering services in public construction projects was developed with a MAPE
of 28.2 [30]. As a result of reviewing past research on conceptual-stage cost models, it
was discovered that a mean absolute error of more than 13% was permitted, implying
that the accepted model should have an error of less than 13%. The suggested strategy
correctly classified 149 projects with a mean absolute error of 11.7%. Hence, this model can
be accepted. The suggested model’s acceptability implies that the eight input factors can be
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utilized to predict the overall risk of residential projects at a conceptual stage. The results of
the study agreed with the viewpoint of the five experts who were interviewed to determine
the most important criteria in the final list that can be used to predict the overall risk in the
conceptual stage of residential construction projects. The most important of these factors
was the number of floors, which represents 28.5%. The second top criterion was the interior
finishes with 16.3 percent. The execution of the risk management process component
ranked third, with 14.4 percent, while the floor area element came fourth, with 11.7 percent.
The total project time was the fifth component that had a 10.8% impact on the overall risk
forecasting in the conceptual stages, followed by the exterior finishes, which had a 10.2%
impact. Finally, the electromechanical type had a weight of 6.2%, and the lowest parameter
was the number of basements with a relevance of 1.7 percent. The importance of each
component in determining the overall risk in the conceptual stages of residential projects is
depicted in Figure 2.

0.30
0.25
0.20
0.15
0.10
- I I
& & QS &2 QS & > )
N & £ o & & & &
< & N 8 <& RN &
o N Q o IS N O S
< 2 Q < X 2 & 3
& o ? C O < A%
N & X & & ) N
S & & © & & <°
8 N & L < NZ il
& & ¢ S
& N Q
<
S
QX

Figure 2. Importance of parameters in estimating the overall risk.

8. Conclusions

Decision-makers aim to predict the estimated value of the project budget in the
conceptual stage to assess whether this investment is acceptable or not. The value of the
reserve that covers the project’s overall risk is included in the project budget. As a result,
early on, a comprehensive risk assessment is required. There has been a great deal of
research in developing cost estimation models, both in the planning phase and in the
conceptual stages of a project. Unfortunately, there is a research vacuum in estimating risk
in the conceptual stages of a project due to a lack of knowledge, so this study offers a model
to forecast the overall risk at the conceptual stages of a project. A provisional list of essential
characteristics, consisting of eleven parameters, was generated through a review of existing
research and can be used to anticipate the overall risk in residential buildings at a conceptual
stage. After three rounds of Delphi, the experts reached an agreement on the most critical
parameters. The parameters for slab type, elevator number, and foundation type were
omitted from the final list. Floor area, number of floors, interior finishes, external finishes,
number of basements, kind of electromechanical, risk management process implementation,
and overall project duration were all included in the final list. Four groups were created for
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the floor space, the number of floors, interior finishes, and total project duration, while the
internal finishes, the number of basements, the risk management method execution, and
electromechanical kinds were all divided into two categories. Three levels were assigned to
the output variable. Data were gathered from 149 actual residential projects. As a result, the
confidence interval was 0.08 at the 95% confidence level. The model was simulated using
artificial neural networks. The data were divided into five groups at random. There were
twelve Multilayer Perceptron models identified and tested, each with a distinct number of
hidden layers and activation functions. The proposed model has two hidden layers, the
first of which has five neurons and the second of which has three neurons. In the suggested
model, the Hyperbolic Tangent function was used to activate the hidden layer. The MAE
was equal to 11.7% in this investigation. The number of floors is the most critical factor in
determining the overall risk in the conceptual stages of residential projects, followed by
interior finishing, and the risk management procedure. The electromechanical type and
the number of basements were the least critical elements. The project manager can use
the proposed model to identify residential projects in the conceptual stages as low-risk,
medium-risk, or high-risk. As a result, the proposed model can assist stakeholders in
deciding whether or not to continue with the project.

9. Limitations of Research

The overall risk and the influence of the important parameters were solely calculated
based on the impact on the cost of the residential construction in this study. This study only
looked at projects with fixed-price contracts. As a result, projects with cost-reimbursable
contracts, for example, will require a re-estimation of the input parameter weights. The
eight input criteria can be used in any country to obtain the overall risk at the conceptual
phase. The data were obtained from 149 projects in Egypt, which means that the ranking of
importance of each criterion may differ from one country to another. Hence, they should
be double-checked the ranking of the importance of the criteria before being used in any
other country. The user needs to alter the weights of the variables to adapt the model to
subsequent times because the data used to produce it came from residential buildings in
Egypt built between 2018 and 2020.
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Abstract: Recent years have witnessed active construction of multi-storey residential buildings. The
scale of construction, its timing and limitations in financing contribute to the emergence of risk factors
affecting the key parameters of cost and duration of projects. The purpose of this research is to
develop the most effective mathematical model to reveal, study and estimate in a timely manner
the influence of risk factors on stable implementation of a construction project during its life cycle.
The mathematical model of the study is based on the theory of fuzzy sets, including 25 rules used
to estimate the influence of a risk factor. An expert survey of leading specialists in the construction
industry was performed and risk factors distributed over the stages of the life cycle were listed.
Risk factors affecting the sustainability of the life cycle of a multi-storey residential building were
identified and ranked. The result of the study shows that the application of the mathematical model
will significantly increase the success of construction projects by identifying the critical risk factors
in the phases of their life cycle. Since the proposed model is relatively new in Russia, it should be
considered as a starting point for a new assessment of the impact of risk factors on projects. The
methodology can be improved, and many aspects are still to be analyzed.

Keywords: life cycle; risk factor; risk; project; fuzzy logic

1. Introduction

One of the priorities of each state is to provide affordable, comfortable and safe
housing for its citizens. Currently, the purchase of residential real estate requires large
financial investments and, in most cases, is associated with multi-year credits (mortgages)
and interest-bearing loans. When buying houses for years, possibly for life, people pay
special attention to the aesthetics of the building, the comfortable layout and the view
from the window, the availability of parking spaces, infrastructure, and the environmental
friendliness and safety of the residential area.

In recent years the volume of construction of multi-storey residence buildings with
individual architectural and constructive solutions has been growing rapidly. For example,
in Russia about 90 million square meters of residential space have been commissioned
annually in the last 5 years. [1] The uniqueness of the adopted volume-planning and
constructive solutions, the use of new technologies, the scale of construction, the large
number of parties involved, tight deadlines and limited funding contribute to the risks
affecting the implementation of such projects [2].

The study of project risk factors in recent years has had a vital role in the construction
industry, and hundreds of factors have been identified [3,4], affecting the parameters of the
cost and duration of a project. Works by Fahimeh Allahi, Lucia Cassettari and Muhammad
Saiful Islam note that the cost of a project due to the influence of a factor can increase by up
to 20%, and the duration of large construction projects can grow by up to 30% [5,6] Many
authors have determined the project risk concept in different ways. Risks may have both
positive and negative impacts, affecting the life cycle of a project [7-10]. Risk is closely
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related to the state of uncertainty, but it is fair to say that in most cases it has a negative
impact on the project parameters [11]. There are many risk factors at all stages of the life
cycle of a project: organizational, technological, technical, and economic [12,13]. In addition
to organizational and technical complexities, managers take into account a growing number
of additional parameters, including environmental and social ones. In such circumstances,
it is important to understand the real practice of risk analysis and, above all, to assess the
risk-driving factors at each stage of the life cycle of the construction project. Nowadays the
theme of risks in the construction industry is a relevant and priority issue, and the vector
of research in this area should be aimed at developing methods to reduce factors affecting
the occurrence of risks in the life cycle of a project and achieve the required technical and
economic performance.

However, the Russian Federation still lacks any model of the life cycle of a construction
project with the technical risk factors included at each stage of construction, whereas com-
plete and up-to-date documentation may contribute to mitigation of technical, industrial
and natural risks.

Taking this into account, this research was focused on selected stages of the life cycle of
a construction project exposed to risk factors in the construction of multi-storey residential
buildings. As a result of an extensive study of scientific and technical literature, the authors
identified, grouped and systematized life cycle risk factors by stages. The description of
studies of the stages of the life cycle of a construction project in which the risks occurred,
and the systematization of risk factors by project cycle, are presented in more detail in
the articles [12,14-17]. Each stage was assigned a risk factor, which in turn enabled the
assignment of an identification number to the risk factor and subsequent assessment and
control. In addition, the authors chose the expert assessment method to determine the
weights of the assessed parameters of risk factors in the absence of statistical data on the
above topic of the study. Experts were required to assess risk factors on a five-point scale of
probability of risk occurrence, as well as the impact of risks on the cost and duration of the
construction project.

The authors applied fuzzy set theory, fuzzy logic and the Dempster-Shafer theory (DS),
which allowed establishing the relationship between the results and obtaining a model of
risk factors at the considered stages. To assess the impact of risk factors on the construction
project it was necessary not only to allocate risk to the right stage and conduct an expert
evaluation of the risk factor, but also to process mathematically the results in order to
determine the degree of influence and the probability of the impact of factors on such
parameters as cost and duration.

As a result, a model showing the factors of risk occurrence at the life cycle stages of a
multi-storey residential building construction project was developed, which allows timely
assessment of the level of possible risks and their impact on the cost and duration. The
results of the study make it possible to model and assess risks in an attempt to investigate
real, favorable ways of development at each stage of the life cycle of the construction project,
including by mitigating or timely eliminating the risk factors.

The contribution of this article to the construction industry can be described at several
levels. The first level is a literature review in which the main direction is residential
buildings, risk factors, the life cycle of buildings and structures, mathematical models for
analyzing research data are studied. At the second level, an improved life cycle model
for a multi-storey residential building in a cramped building is presented and factors are
considered and analyzed through mathematical models. At the third level, based on the
analysis of the selected mathematical models, critical risks are determined in real time, and
the dependences of time and cost are shown.

This approach allows the reader to form a comprehensive structure of the object and
quickly predict the integrity of the object’s life cycle in the time interval.
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2. Literature Review

Understanding the risk scenarios of complex projects is an important step towards
achieving the expected level of accuracy in contingencies. This section briefly discusses
some relevant research related to understanding the risk scenarios of complex projects in
different parts of the world.

The cost of building a residential building is very dynamic and changeable [18]. Price
fluctuations may be related to the prices of building materials, human resources and other
costs used in construction. This economic uncertainty can have a serious impact on business,
especially on long-term projects [18]. To minimize the risk of uncertainty of investment
costs for the construction of a residential building, it is necessary to predict the cost of
building a residential building.

Compared to classical risk assessment methods, the modified Fuzzy Bayesizan Be-
lief Network (FBBN) system has certain advantages for risk assessment in an uncertain
and complex project environment because it shows risk cause-and-effect networks more
efficiently. This helps understanding of the root causes of cost overrun risks and requires
significantly less probabilistic data to obtain information from experts, which not only
saves time and effort for data collection, but also reduces the computational load on the
model compared to the widely used FBBN models [19].

Project management plays a big role, project management is now appearing in many
organizations, and this trend is constantly growing. However, in today’s dynamic envi-
ronment, the success of such projects is influenced not only by the level of the project
management method and the quality of the management team, but the success of the
project can also be supported by effective risk management [20,21]. Risk and uncertainty
are an integral part of project management [22]. If risk management can be integrated
into an organization and used effectively, certain benefits and resource savings can be
obtained [23-25]. Risk management also plays a key role in terms of the sustainability of a
construction company [26].

It is also worth noting that the choice of the appropriate method of project implemen-
tation is one of the most important management decisions, since it has a direct impact
on the success of the project and affects key performance indicators such as cost, quality,
schedule and safety.

3. Methods
3.1. Data Sourcing

The first stage of the research method involved an extensive review of the scientific
literature, focusing on risks in the design and construction of residence buildings, as well
as an analysis of already built facilities with identified factors that impact the parameters of
duration and cost.

The first stage was not limited only to collecting data on risk factors, since the purpose
of the study is related to the residential building life cycle. More importantly, the aim
here is to identify risk factors and assign them to each stage of the multi-storey residence
building life cycle.

The selected risk factors were analyzed and divided into risk groups, as well as
assigned to the stages of the project’s life cycle. Figure 1 presents the construction project’s
life cycle, taking into account risk factors [12]. This model contains all the stages of the life
cycle of an object. The essence of this model is that it contains all the risk factors considered
in this work. The risks are divided into groups and correlated to the stages. The selection of
these factors was carried out by analyzing the scientific literature and studying the objects
of analogues, in the documentation of which the quality department recorded the risks that
arose at the stage of work.
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Figure 1. Object life cycle model with risk factors included.

Moreover, this model was complemented by the method of expert assessment, given
that it allows determining which risk factor parameters have the most significant impact
on the multi-storey residential building life cycle.

The method utilized here consisted of an expert assessment of the proposed risk factors
for a 20-storey residence building in Moscow. The experts were required to assess the risk
factors on a five-point scale Likert scale of risk occurrence probability, impact on cost, and
impact on duration.

The most dangerous stages in the life cycle of a building object are:

—_

Planning
Pre-project stage
3. Project stage

N

Expert examination was conducted among the specialists of the construction industry;
60 experts took part in the selection in accordance with the requirements of competencies
for an expert, and the number of experts was determined by the proposed method of
Ruposov V.L. [27,28].

Basic requirements:

e  Academic degree or academic qualification.
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Participation in international scientific and technical cooperation.

At least 10 years of professional experience.

Member of NOPRIZ (National Association of Designers and Surveyors) and (or)
NOSTROY (National Association of Builders).

The expert’s questionnaire is shown in Supplementary Materials Expert questionnaire.
As a result of the analysis of the expert assessment, weight indicators of the estimated risk
factor parameters were determined.

3.2. Mathematical Model of Data Analysis

To assess the impact of risk factors on the construction project’s life cycle, it is required
not only to allocate the risk to the desired stage and conduct an expert assessment of
the risk factor, but the data of the expert survey should be calculated mathematically to
determine not only the degree of impact, but also the likelihood of the factor impacting
such parameters as cost and duration.

The mathematical model for the analysis of expert evaluation is based on two theories:

e  Fuzzy set theory, fuzzy logic.
e Dempster-Schafer theory (DS).

The fuzzy set theory is a method of experiment planning that is widely used in
quantitative analysis of a machine process, especially for quality and risk assessment in
engineering [29]. The main limitation of the method is related to the use of statistical
mathematics and probability theory in the analysis. A probabilistic attempt is insufficient
when the data are scant, as knowledge of their values becomes inaccurate or incomplete [30].

One of the possible solutions for cases where the data is scant is a non-parametric
maximum likelihood estimate [31,32]. At the end of the twentieth century, a method
based on the idea of fuzzy logic associated with L.A. Zadeh [33] was developed taking
into account the possibility of describing the so-called linguistic variable. An example
of applying the idea to the perceived risk assessment in the project is presented in the
articles [34,35].

Fuzzy logic was first introduced by Professor L.A. Zadeh in 1965 and began to be
applied in the 1970s [33,34]. Fuzzy logic is a successful application in the context of fuzzy
sets in which the variables are linguistic rather than numeric. Since its development in 1965,
it has become the optimal choice for handling data-related inaccuracies and uncertainties
in risk assessment tasks [36].

Fuzzy logic is different from binary or Aristotelian logic, which sees everything as
binary: yes or no, black or white, zero or one. The values in this logic vary from zero to
one [37]. Figure 2 shows the architecture of the fuzzy inference system.

Knowledge base

Inference process

Figure 2. Fuzzy inference system [17].

A fuzzy inference system [17] usually consists of the following components:

Fuzzificator

Risk matrix

Fuzzy inference mechanism
Defuzzificator
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The components of the fuzzy inference system for risk assessment are described
below [17,37]. The process of converting explicit variables into linguistic variables is

called fuzzification.

Fuzzification is the establishment of a correspondence between the numerical value of
the input variable of the fuzzy inference system and the value of the membership function
of the corresponding term of the linguistic variable [38].

The input and output data of the fuzzy inference system must first be fuzzy in a fuzzy
inference system. The probability of occurrence and the severity of the impact of the risk
are considered as two inputs, and the level of risk is considered as the output of the system

of fuzzy inferences.

The linguistic expressions and fuzzy sets used for defining the input and output data
of a fuzzy inference system are presented in Table 1 [17,38,39].

Table 1. Linguistic terms.

Input and Output Values Linguistic Term Definition Rank
IM: Improbable Extremely rare, almost no chance of occurrence. 1
R: Remote Chance of manifestation is small. 2
Proba}bilityllevels O: Occasional Probability to occur is 30-50%. 3
nput
P: Probable Probability to occur is very high. 4
F: Frequent Probability to occur is almost certain and and inevitable. 5
N: Negligible There'ls no real negative consequences or a significant threat to the 1
organization or project.
. There is little potential for negative consequences, and there is no
M: Minor L . 2
significant impact on overall success.
X . Can lead to negative consequences, creating a moderate threat to
Levels of impact MA: Major the project or organization. s
Input 2
With significant negative consequences that will seriously impact
C: Critical the success of the organization or project (the need to close the 4
project or a large number of negative events).
CA: With extremely negative consequences that can lead to the closure
e or long-term failure of the entire company. Requires the most 5
Catastrophic K
attention and resources.
IN: The risk is tolerable without any mitigation. Impact is minor and
s e R . 14
Insignificant unlikely to occur. These types of threats are generally ignored.
Partial mitigation may be required. The probability of occurrence
does not allow them to be ignored, and the consequences may be
T: tangible. If possible, measures should be taken to prevent the 5.8
Tolerable occurrence of medium risks, but it should be remembered that they
are not a priority and cannot critically impact the success of an
organization or project.
SU: Mitigation may be required. Such risks may have serious
- consequences and are likely to occur. They should be responded to 9-12
. Substantial X
Risk level in the near future.
Output - . P, .
Mitigation measures must be taken to reduce the risk. Critical risks
S: that have serious consequences and have a high probability of 13-16
Significant occurring. They have a high priority. Measures should be taken
immediately to eliminate or reduce the possible consequences.
Risk mitigation measures must be implemented. These are
catastrophic risks that have serious consequences and have a high
INT: probability of occurrence. They have the highest priority. Can
R o 17-25
Intolerable threaten the existence of the organization or the success of most of

the tasks. Measures should be taken immediately to eliminate or
reduce the possible consequences.

For the functioning of the fuzzy logic system, referring to the standard risk matrix

is required.
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The risk matrix is a tool of the threat management process designed to increase the
objectivity of its interpretation [17]. To place an item in the matrix, you must assign it a
probability and damage rating.

The degree of risk is determined on the basis of the risk matrix [13] and, accordingly,
this component of the developed fuzzy inference system for risk assessment is a knowledge
base and fuzzy rules, including 25 fuzzy “if” rules, which are presented in Table 2.

Table 2. Mathematical model rule table.

No. Description
Rule 1 If the likelihood is unlikely and the consequences are
negligible, then the risk is negligible.
Rule 2 If the probability is unlikely and the consequences are
catastrophic, then the risk is high.
Rule 25 If the probability is frequent and the consequences are critical,

then the risk is unacceptable.

Tables 3 and 4 shows the indicators of the standard risk matrix.

Table 3. Risk Matrix.

Risk=P x I Probability
M R o P ¥
N IN IN IN N
M IN IN T T U
Impact MA IN T U U 5
¢ N T su ] INT
A T su S INT INT
Table 4. Risk matrix with ranks.
Risk=P x I Probability
M R o P ¥
N 1 2 3
- 2 4 6 8 10
Impact MA 3 6 9 o =
€ 4 8 12 16 20
CA 5 10 15 20 -

The next component of the developed fuzzy inference system for risk assessment is
the fuzzy inference mechanism. The inference engine evaluates and makes logical inference
to the rules using inference algorithms, and after the inference rules are aggregated by the
defuzzifier block they are converted to an explicit or numeric value. The fuzzy inference
mechanism is the Mamdani algorithm [17]. The optimum method is used to aggregate the
output data, and the center of gravity method is used for defuzzification.

The fuzzy risk assessment index is considered as an output parameter, and varies from
0 to 5. In this article, the risk is divided into five equal parts, as shown in Figures 3-5. Risks
are represented by fuzzy sets, the ranges of which coincide with the linguistic terms given in
Table 1. Using the appropriate transformation scale, the linguistic terms are converted into
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fuzzy ratings. One of the key points in fuzzy modeling is the definition of fuzzy numbers,
which are vague concepts and expressed in inaccurate terms in natural language [36].
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Figure 3. Membership function for the probability level.
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Figure 4. Membership function for the influence level.
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Figure 5. Membership function for the risk level.

In this work, fuzzification distributes system variables, including probability (P),
impact level (I) and risk levels (R) with clear numbers. The structure of the fuzzy model is
shown in Figure 6.
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Figure 6. Fuzzy model inference structure.

Twenty-five rules were introduced to the mathematical model in Table 2, performing
the defuzzification process [38,39]. Defuzzification in fuzzy inference systems is the process
of transition from the membership function of an output linguistic variable to its clear
(numerical) value. The purpose of defuzzification is to use the results of the accumulation
of all output linguistic variables to obtain quantitative values for each output variable used
by devices external to the fuzzy inference system [17,39].

The last step in the approximation is defuzzification. This step contains the process of
replacing a fuzzy value with a clear inference, consisting of a procedure for weighing and
averaging the outputs of all individual fuzzy rules. In total, there are six defuzzification
methods [40]:

Centroid Average (CA)

Center of Gravity (COG)
Maximum Center Average (MCA)
Medium of the Maximum (MOM)
Smallest of the Maximum (SOM)
Largest of the Maximum (LOM)

Center of gravity (COG) is one of the most popular defuzzification methods, chosen
because of its simple calculations and intuitive plausibility [41].
COG is defined by the following equation:

[ (x)xdx
Z- J mi(x)dx @

where:

Z—defuzzified result.
x—output variable.
i (x)—aggregated membership function.

The defuzzification process creates a clear value from fuzzy sets that reflect the risk of
the project, as in Figure 7.

The data of mathematical calculation of expert assessments are presented in Table 5.

The DS method is a more general form of the Bayesian approach that retains all its
advantages. For example, in the DS method, as in the Bayesian method, available a priori
information can be included in the inaccurate output of uncertain indicators and inferred
results. Nevertheless, the use of a priori information in the DS method is not mandatory.
This is one of the advantages of the DS theory [42,43].
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Figure 7. Output from Polyspace software package based on 25 rules.

n — minF

DS =m(a) = maxF — minF

@

where:

m(A)—degree of reliability.
maxF = max{fj ljell, n]);
minF = min{f]- ljell,n]);
n—number of factors

Compared with other probabilistic methods, such as the Bayesian method, the DS
method does not require the calculation of a priori probability; it has a flexible and under-
standable mass function, and the formation of a mass function is convenient and simple.
The computational complexity of this method is much less than that of the Bayesian
method [41,44].

For the processing of expert data, a risk matrix, the Dempster-Shaffer theory and
a mathematical model of fuzzy logic were used. The processed results of the study are
presented in Section 3.

Dempster-Shafer cell data were obtained by mathematical calculation according to
formula 2. Fuzzy logic output data, defuzzification results, were obtained by mathematical
modeling through the Polyspace software package. The inference algorithm was used. After
aggregating the output rules by the defuzzifier block, we obtained an explicit numerical
value as the result of fuzzy inference.

The data of mathematical calculations are presented in Section 3. The values of FLRC
and FLRT are ranked in ascending order, according to the fuzzy inference group.

4. Result and Discussion

The following values of probability and impact on project parameters were obtained
during the expert survey of Section 3.1. The results of the expert survey are presented in
Table 5.
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Table 5. Analysis of the expert survey results.

No. Criteria SUB—Criteria Risk Factor Probability Impact on the Impact on Duration
P Cost of IC
F1 Increased seismicity at the construction site 28 3.1 2.8
F2 Precipitation 23 23 1.9
F3 Environment Flooding 3 2.7 2
F4 Landscape (plain, hills, etc.) 22 2.8 22
F5 Climatic and natural conditions 2.7 3.4 34
F6 Substructu}’ N Of,the Area of archeological studies 24 3.5 4.3
construction site
F7 Lack of construction site space 2.8 3.4 3
Constructi it
F8 onstruction site High transport load 2.6 23 25
F9 Delays in obtaining permits 3.7 34 3.9
F10 Construction project Evaluation of technical conditions results 2.5 2.6 2.8
F11 Infrastructure assessment results 25 2.3 2.6
F12 Security rgqp?rements and restrictions of 26 27 3
nearby facilities
F13 There are structures for demolition at the 26 34 3
construction site
Other
F14 A short construction period 3.9 4.4 3.1
F15 Labor qualification level of key employees 33 39 2.9
Fl6 Staff, qty (low number of employees) 33 3.1 3.1
F17 Projecfs with a positive expert opinion 28 22 23
(experience of passing)
F18 The main party of General Designer Availability and number of subcontractors 3.7 32 3.2
F19 the project Current projects (company workload) 3.8 3 3.1
F20 Application O.f new technologies (lack of 35 41 31
experience using technologies)
?1 Coordination of work w1tk:1 a subcontractor 43 33 33
(no work model, no experience)
F22 Registration level of GOST documentation 2.1 1.5 16
23 Initial permitting Qua}lity (?f the conducted 33 21 >
documentation engineering-geological tests
F24 Completeness of required data for design 3.8 2.4 25
Regulatory and The level of work with regulatory
F25 technical support level — documentation at the international and 3.1 24 21
for project preparation  federal level
. . Results of the assessment of geology,
Results of engineering eodesy, ecology, hydrometeorolo,
F26 and geological geodesy, €cology, ny! (34 27 21 21
. > geotechnical expertise of the IGI
surveys
work program
Results of geotechnical research,
F27 E . £ proi assessment of the state of soil bases of 2.7 23 2
ormation of project buildings and structures
documentation
Results of local monitoring of
environmental components, exploration of
F28 Results of special soil building materials, local surveys of 24 19 18
types of contaminated soils and groundwater
engineering surveys . -
Results of the geotechnical examination of
the project of subgardes and foundations,,
F29 scientific technical conclusion on the 26 1.9 22
assessment of the karst-suffusion hazard of
the construction site
Assesment of
F30 engineering survey Results of engineering survey assessment 3.1 24 22

results
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Table 5. Cont.

No. Criteria SUB—Criteria Risk Factor Probability Impact on the Impact on Duration
Cost of IC

F31 Labor qualification level 3 23 26

F32 Work experience 3.1 27 29

F33 Experience of passing the assessment 28 2 25

F34 Experience with residential facilities 28 2.3 22
Uriguenes ol bepro fompleiyel g

F36 Height of the project 3.6 35 34

F37 Registration level of GOST documentation 12 11 1

. X Algorithm for transferring information
F38 Project documentation  petween related sections of design and 1.9 1.3 1.6
estimate documentation

Results of taking into account natural and
climatic conditions (seismicity of the region,
zones with increased aggressive

F39 . s O Lo 33 2.6 26
environment, precipitation, construction in
the zone of negative and
positive temperatures)
Results of accounting for human-induced
F40 processes (industrial explosions, traffic, 28 04 04
subway construction, operation of : . !
industrial equipment)
F41 Results of determining the scope of work 22 1.9 1.6
F42 Labor qualification level 3.1 2.3 24
F43 Work experience 32 2.1 25
E— BIM Department
F44 Staff, qty (low number of employees) 32 22 28
F45 . . Level of BIM model evaluation 3 2.4 2.7
————— Formation of project
F46 documentation Development of Labor qualification level 28 1.8 1.8
— measures to ensure -
F47 access for persons Work experience 24 1.6 17
F48 with disabilities Proficiency in BIM technologies 17 13 14
F49 Employee qualification 29 2.6 2
F50 Work experience 29 2.5 21
F51 Fire safety measures  Projects 25 23 2
F52 Proficiency in BIM technologies 1.9 2 17
F53 Results of Special Technical Regulations 3.1 26 23
F54 Assessment. of Results of thg project 27 04 29
documentation documentation assessment
F55 Labor qualification level 3 28 29
F56 Work experience 3 26 2.6
F57 Experience of passing the assessment 27 23 3
E— Working N N - N —
F58 documentation Experience with residential facilities 25 22 21
F59 Registration level of GOST documentation 21 1.5 14

Algorithm for transferring information
F60 between related sections of design and 21 15 17
estimate documentation

Impact of related processes on the result of
work (e.g., engineers made a mistake in the

Fél calculation of loads, shaft openings, entails 35 31 27
Other adjustment of openings AR and CR)
Availability of a common information
F62 platform for coordinating work 2.8 24 2.1
between stakeholders
Fo63 Building an Model building experience 2.8 2.5 2.3
— information model of X
Fe4 a building Staff, qty (low number of employees) 24 21 2.7

To understand the operation of the mathematical model in the life cycle of a multistorey
residential building, each factor at different stages of the project was considered and the
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rank of the factor was determined by fuzzy logic, as this was the main tool in our study,
with 25 preprogrammed rules.

The data of the expert survey are the input data for the mathematical model presented
in Section 3.2. The results of the mathematical model are presented in Table 6.

Table 6. Comparative analysis of the obtained data.

Risk Matrix Dempster-Shafer Fuzzy Logic Output
RC Rank RT Rank DSRC Rank DSRT Rank FLRC Rank FLRT Rank
F9 3.7 34 39 1258 2 14.4 1 3.2 5 3.73 2 3.4 5 3.6 1

No. P IoC IoT

F5 2.7 3.4 34 9.18 4 9.18 4 32 3 32 3 3.4 3 3.4 2
F6 24 3.5 43 8.4 7 10.3 3 3.31 2 4.18 1 35 2 32 3
F14 39 44 3.1 17.16 1 12 2 4.29 1 2.9 4 4.4 1 3.15 4
F1 2.8 3.1 2.8 8.68 6 7.84 6 29 7 2.6 8 1.9 14 2.8 5
F8 2.6 2.3 2.5 5.98 12 6.5 10 2.13 13 2.32 11 23 9 2.4 6
F11 25 2.3 2.6 5.75 13 6.5 11 2.13 14 241 10 23 10 24 7
F4 22 2.8 22 6.16 11 4.84 13 2.6 8 2.04 12 22 12 22 8
F10 25 2.6 2.8 6.5 10 7 9 2.41 11 2.6 9 2.4 7 22 9
F3 3 2.7 2 8.1 8 6 12 2.51 9 1.86 13 2 13 2 10
F7 2.8 3.4 3 9.52 3 8.4 5 32 4 2.8 5 3.4 4 2 11
F12 2.6 2.7 3 7.02 9 7.8 7 2.51 10 2.8 6 23 11 2 12
F13 2.6 3.4 3 8.84 5 7.8 8 32 6 2.8 7 3.4 6 2 13
F2 23 2.3 1.9 5.29 14 4.37 14 2.13 12 1.77 14 23 8 1.9 14
F15 33 39 29 12.87 3 9.57 6 3.73 2 2.7 6 3.35 2 3.35 1
F18 3.7 32 32 11.84 4 11.8 2 3 4 3 2 32 4 32 2
F21 43 33 3.3 14.19 2 14.1 1 3.1 3 3.1 1 32 5 32 3
F16 3.3 3.1 3.1 10.23 6 10.2 5 29 5 29 3 3.15 6 3.15 4
F19 3.8 3 3.1 114 5 11.7 3 2.8 6 2.9 4 3.25 3 3.15 5
F20 35 4.1 3.1 14.35 1 10.8 4 3.95 1 2.9 5 3.45 1 3.15 6
F17 2.8 22 2.3 6.16 7 6.44 7 2.04 7 2.13 7 22 7 22 7
F24 3.8 24 2.5 9.12 4 9.5 3 222 12 2.32 13 3.65 1 3.65 1
F36 3.6 35 3.4 12.6 1 12.2 2 3.31 1 32 1 3.5 2 3.4 2
F39 33 2.6 2.6 8.58 5 8.58 8 2.41 6 2.41 11 3.35 4 3.35 3
F35 3.7 32 3.3 11.84 2 12.2 1 3 2 3.1 2 32 7 3.3 4
F23 33 2.1 2 6.93 18 6.6 19 1.95 27 1.86 29 3.35 3 3.25 5
F43 32 2.1 25 6.72 21 8 11 1.95 29 2.32 15 3.25 5 3.25 6
F44 32 22 2.8 7.04 16 8.96 6 2.04 25 2.6 6 3.25 6 3.25 7
F61 35 3.1 2.7 10.85 3 9.45 4 29 3 2.51 8 3.15 8 3.25 8
Fo4 24 21 2.7 5.04 32 6.48 21 1.95 30 2.51 9 2.1 21 2.3 9
F29 2.6 1.9 22 4.94 33 5.72 28 1.77 34 2.04 20 1.9 29 22 10
F33 2.8 2 2.5 5.6 29 7 16 1.86 31 2.32 14 2 23 22 11
F34 2.8 2.3 22 6.44 24 6.16 23 2.13 21 2.04 22 22 13 22 12
F40 2.8 24 24 6.72 20 6.72 18 2.22 15 222 16 22 14 22 13
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Table 6. Cont.

Risk Matrix Dempster-Shafer Fuzzy Logic Output
No. P foC foT RC Rank RT Rank DSRC Rank DSRT Rank FLRC Rank FLRT Rank
F54 2.7 24 2.2 6.48 23 5.94 25 2.22 17 2.04 23 2.3 11 22 14
F63 2.8 25 2.3 7 17 6.44 22 2.32 11 2.13 19 2.2 17 22 15
F26 2.7 2.1 2.1 5.67 28 5.67 29 1.95 28 1.95 25 2.1 18 2.1 16
F50 2.9 25 2.1 7.25 13 6.09 24 2.32 10 1.95 26 2.1 20 2.1 17
F58 2.5 2.2 2.1 5.5 30 5.25 31 2.04 26 1.95 27 22 15 2.1 18
F62 2.8 2.4 2.1 6.72 22 5.88 26 2.22 18 1.95 28 22 16 2.1 19
F27 2.7 2.3 2 6.21 25 5.4 30 2.13 19 1.86 30 2.3 9 2 20
F31 3 2.3 2.6 6.9 19 7.8 12 2.13 20 241 10 2 22 2 21
F45 3 24 2.7 7.2 14 8.1 9 2.22 16 2.51 7 2 24 2 22
F49 2.9 2.6 7.54 10 5.8 27 241 7 1.86 31 2.1 19 2 23
F51 2.5 2.3 2 5.75 27 5 33 2.13 23 1.86 32 2.3 10 2 24
F55 3 2.8 2.9 8.4 6 8.7 7 2.6 4 2.7 5 2 25 2 25
F56 3 2.6 2.6 7.8 9 7.8 13 2.41 9 2.41 12 2 26 2 26
F57 2.7 2.3 3 6.21 26 8.1 10 2.13 24 2.8 3 2.3 12 2 27
F25 3.1 2.4 2.1 7.44 11 6.51 20 2.22 13 1.95 24 1.9 27 1.9 28
F30 3.1 24 2.2 7.44 12 6.82 17 2.22 14 2.04 21 19 30 19 29
F32 3.1 2.7 2.9 8.37 7 8.99 5 2.51 5 2.7 4 19 31 19 30
F42 3.1 2.3 24 7.13 15 7.44 14 2.13 22 2.22 17 19 33 19 31
F53 3.1 2.6 2.3 8.06 8 7.13 15 241 8 2.13 18 19 35 19 32
F22 2.1 15 1.6 3.15 38 3.36 38 1.42 38 15 38 1 37 1 33
F28 2.4 1.9 1.8 4.56 34 4.32 34 1.77 33 1.68 33 1.9 28 1 34
F37 1.2 1.1 1 1.32 43 1.2 43 1.08 43 1 43 1.1 36 1 35
F41 22 1.9 1.6 418 35 3.52 37 1.77 35 1.5 40 1.9 32 1 36
F59 2.1 15 1.4 3.15 39 2.94 41 1.42 39 1.33 42 0.9 39 0.9 37
F47 2.4 1.6 1.7 3.84 36 4.08 35 1.5 37 1.59 35 0.9 38 0.8 38
F48 17 13 1.4 221 42 2.38 42 1.25 42 1.33 41 0.8 41 0.8 39
F60 2.1 15 1.7 3.15 40 3.57 36 1.42 40 1.59 37 0.9 40 0.8 40
F38 1.9 1.3 1.6 2.47 41 3.04 40 1.25 41 15 39 0.7 42 0.7 41
F46 2.8 1.8 1.8 5.04 31 5.04 32 1.68 36 1.68 34 0.7 43 0.7 42
F52 1.9 2 1.7 3.8 37 3.23 39 1.86 32 1.59 36 1.9 34 0.7 43

P—probability; [oC—impact on cost; [oT—impact on timeline; RC—risk cost; RT—risk of timeline; DCRS—
Dempster Schafferis risk cost; DCRT—Dempster Schafferis risk of timeline; FLRC—fuzzy logic risk cost; FLRT—
fuzzy logic risk of timeline.

After analyzing the results of mathematical calculations, a diagram with factors and
their ranks can be constructed as shown in Figures 8 and 9. The data are presented without
ranking by the magnitude of the influence.
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Figure 8. Distribution diagram of the impact of risk factor on the cost by ranks.
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Figure 9. Diagram of the distribution of the impact of risk factor on the duration by ranks.

The diagram shows 64 factors, with each ranked in relation to another; due to this we
see a clearer picture of the distribution of risk factors by measurement value, both in cost
and in time.

The study identified the most dangerous risk factors that affect the key parameters of
the life cycle of a multi-storey residential building.

Mathematical calculations showed that the most effective mathematical apparatus
is fuzzy logic based on 25 given rules. Dempster Schaffer’s theory has small deviations
from fuzzy logic, but this spread is within the acceptable limit. The standard risk matrix
has large deviations in data reliability, as it excludes the presence of the said risk factor
definition rules.

The final step was to determine the magnitude of the impact of the main factors
identified in Table 6, on the parameters of cost and duration of the construction project.
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Table 7 shows the results of the analysis of the obtained data. The cost and duration
values were determined by the experts in Supplementary, Section 3.1.

Table 7. Critical risk factor analysis.

No.

Stage

FLRC

FLRT

Increase in Cost,$  Increase in Duration,

mln. Months

F5 34 3.4
F6 35 3.2
7 Planning 34 2 ~0.45 ~2
F9 34 3.6
F13 3.4 2
F14 44 3.15
F15 3.35 3.35
F16 3.15 3.15
F18 Pre-project stage 32 32 ~0.45 ~2
F19 3.25 3.15
F20 3.45 3.15
F21 3.2 32
F23 3.35 3.25
F24 3.65 3.65
E35 32 3.3
F36 Project stage 3 4 ~0.6 ~3
F39 3.35 3.35
F43 3.25 3.25
F44 3.25 3.25
Fo61l 3.15 3.25

Total: ~1.5 ~7

The factors in Table 7 are in the Significant category of Table 1. Mitigation measures
must be taken to reduce the risks. These are critical risks that have serious consequences
and a high probability of occurrence. High priority means immediate action is required to

eliminate or mitigate possible consequences.

Factors not included in the table are not excluded; they are part of the whole project

system and are subject to the rules of Table 1.

The following data were obtained as a result of the analysis of key risk factors:

N

Twenty most hazardous risk factors categorized as “Significant” were identified.
A high level of increase in duration and costs was observed at the design stage.

3. The indicators of increase in the value at each stage of the project life cycle were
determined; the amount of damage caused by the factors is ~$1.5 mln.
4. The indicators of increase in duration at each stage of the project life cycle were

determined; increase in duration is ~7 months.

The difference in the rank values of the risk factors presented in Figures 8 and 9 shows
that the choice of mathematical tool plays an important role in determining the rank of
risk factors.

The results obtained during the study will help to predict project risks and allow
taking the right steps in due time to manage them and to adjust the budget and resources.
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5. Discussion

A key component of the experiment was focused on the analysis of the influence of
various risk factors that affect the stages of important parameters of the building life cycle.
The experiment showed the performance of the mathematical model and identified critical
factors. This technique allows work on one structure, that is, the life cycle of an object with
all its parameters and the mathematical apparatus for taking into account the influence
of factors, which allows a response to their impact in a timely manner. In general, the
study of the influence of factors on the life cycle of an object will allow creating a common
interconnection environment focused on successful implementation and improvement of
informed decisions that can bring maximum benefit to stakeholders.

The use of two mathematical models for assessing the risk factor is not comprehensive
today, but it copes well with the tasks set; namely, it takes into account the requirements
and rules laid down by the operator for each object. However, for future buildings,
actual data on behavior is not available, there are no public registries, no record of the
maximum influencing factors is kept, which is a hot topic these days, and often the data
are confidential. Hence, co-modeling by integrating BIM with a robust risk analysis model
is one of the most appropriate methods to solve this problem. It is convenient when each
factor has its own individual number, tracked in real time at each stage of work in the
BIM system.

This study has the following unsolved problems. The scope of the simulation experi-
ment was limited both in terms of the simulation time period and the space coverage of the
object data. Over time, more participation from experts from the construction industry is
required. More designs, materials and design approaches need to be evaluated as the pace
of construction continues to be high and every year we see new technologies emerging in
the construction industry. Simulation results will be more coherent and informative if it is
possible to expand the range of data collection on the objects under study; the functions of
joint modeling can be improved as research progresses.

Since the proposed model is relatively new, it should be considered a starting point for
anew assessment of the impact of risk factors on the project. The methodology is subject to
improvement, and many aspects remain to be studied. Of course, this model will allow
managers of organizations to significantly reduce costs, correctly form the tasks set, identify
and eliminate risk factors in a timely manner, and identify weaknesses in the company that
will lead to financial losses.

Future research in this area should focus on identifying risk factors and managing
them during the project cycle. It is worth introducing an electronic database of risk factors,
so the percentage of risks can be reduced and projects implemented more efficiently.

6. Conclusions

This article proposes a scientifically justified mathematical model of the life cycle of a
multi-storey residential building. The model allows competent determination and ranking
of the influence of risk factors at each stage of the project. The presented methodology was
developed to assess the impact of risk factors on the main parameters of the project. The
stages of the life cycle for a residential building were analyzed, the risk factors arising at
each stage identified, and their impact assessed by an expert survey. The expert survey
involved 60 experts who are professionals in the construction industry, with more than 10
years of experience. The experts were requested to assess the impact of factors on both the
cost and the duration. As a result, the following conclusions can be made.

e  The mathematical model based on the fuzzy set theory with 25 programmable rules
identified critical project factors and shows a small deviation from the Dempster-
Schafer theory.

e  The most hazardous risk factors with the influence on the life cycle of the project,
affecting the parameters of the duration and cost of the project, were identified and
ranked. There are 31.25% of them in the life cycle. All factors should have an identi-
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fication number to track them. This data will help to predict the consequences in a
timely manner and take measures to eliminate them.

e  Particular attention should be paid to the design phase, as the highest concentration
of risk factors is observed in this category, i.e., 65.63%.

e Analysis of the data showed that under the influence of critical risk factors on the
project, the cost of the project grows by 1.5 million dollars, and the duration increases
by 7 months.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/buildings12040484 /51, Table S1: Expert Questionnaire.
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Abstract: Rapid transformation across all sectors through Saudi Arabia’s vision 2030 initiatives led to
an increase in construction activities. However, the construction industry has been already facing
huge cost and time overruns, affecting all stakeholders. The aim of this study is to identify and explore
the influential risk factors that lead to completion delays and cost overruns of government-funded
building construction projects in Saudi Arabia, all of which have been subjected to a traditional type
of procurement method (Standard Public Works Contract). The literature examined in this study
identified a total of 83 risk factors, which have been grouped into nine categories. A questionnaire-
based survey was conducted to determine the participants’ perspectives on the degree of probability of
occurrence (P) of each risk and its potential impact on a project in terms of time (IT) and cost (IC). The
questionnaire survey was distributed to 200 experts and professionals associated with Saudi building
construction projects, which were grouped into four categories: clients, designers, consultants, and
contractors. Fifty-five acceptable questionnaires were returned and analysed. The relative importance
index (RII), and Risk Importance (RI) were used to identify the most influential risk factors, and an
agreement test was conducted. The results of the survey revealed that the most significant risks factors
contributing to the delay of building construction projects’” completion are contractor’s financial
difficulties, owner’s delay in making progress payments for completed works, contracts awarded to
the lowest bidder, change orders during construction, ineffective project planning and scheduling by
the contractor, shortage of manpower, and contractor’s poor site management and supervision. In
addition, change orders during construction and contracts awarded to the lowest bidder are the most
significant risks factors of exceeding budgets. Based on the results, it is concluded that for achieving
sustainable development, client, contractor, and labour-related risks must be effectively managed.

Keywords: Saudi Arabia; construction projects; time overrun; cost overrun; risks

1. Introduction

The main evaluation dimension of the successful execution of construction projects
is to examine the achievement of project objectives (time, cost, and quality) [1-3]. Previ-
ous research has elicited that construction projects experience underachievement in both
developed and developing countries as a result of completion delays and cost-overruns,
with resultant negative impacts experienced by all involved parties, including financial
loss [4-6].

Project delay has been defined as ‘the time overrun either beyond the completion date
specified in the contract and the parties agreed upon for the delivery of the project, or a
part of the project’ [7,8]. The liability of the contract parties for construction projects delays
can be classified into excusable with compensation delays, excusable without compensa-
tion delays, non-excusable delays or contractor responsible, and concurrent delays [9,10].
Construction cost overruns is the actual/final costs minus those estimated, presented as a
percentage of the estimated costs [11].

Completion delays and cost-overruns typically stem from a multitude of severe risks
and uncertainties [12]. Whilst an entire host of studies and research has sought to identify
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risk factors in the global construction industry, they have concurred that the risk factors are
different from one project to another and also depend on the country, procurement route
(i.e., PPP, design-bid-build, and design and build), and the type of construction project. In
addition, the top causes of cost-overruns are subject to change over time (in each decade);
therefore, knowledge of them needs to be kept up to date in order to manage complexity
effectively so as to avoid or minimise risks [12]. There are four different categories of
construction project, namely building construction, heavy/civil construction, industrial
construction, and residential construction, with the foremost accounting for the highest seg-
ment at 35-40% of construction projects [13]. Therefore, it is important to limit identifying
the risk factors to a certain category of construction project that experiences almost the same
issues, challenges, and risks. However, there is a lack of research on identifying the risks
and categorising them according to different types of projects [14]. Recent studies focused
on specific types of projects such as oil and gas [15,16], manufacturing and buildings [17],
and road projects [18,19], there is a need to increase the research in identifying the risk
factors in different projects types and to assess the changes in risk factors importance
and probability [20]. It is important to address this research gap, because these can have
potentially serious consequences, such as cost and time overruns, and can add additional
pressure to construction projects [21,22]. In this context, this study addresses the following
research question.

RQ: What are the risk factors adversely affecting time and cost of execution of building
construction projects?

Thus, this study addresses this research gap by identifying the influential risk factors
that lead to completion delay and cost overrun specific to government-funded building
construction projects (i.e., government buildings, hospitals, schools, and universities) in
Saudi Arabia, all of which have been subjected to a traditional type of procurement method
(Standard Public Works Contract). Accordingly, the following research objectives are
outlined to address the RQ:

1. Toexplore and identify the influential risk factors leading to duration and cost overrun
during the construction stage, with special consideration for building projects in
Saudi Arabia (i.e., risk factors list and classification) through the completion of a
comprehensive literature review.

2. To study, rank, and analyse the identified risk factors (i.e., ‘risk impact x likelihood")
by conducting questionnaires.

Addressing the RQ and the above-listed objectives could achieve interesting find-
ings which can contribute to the literature in providing the risk factors by project type,
i.e., government-funded building construction projects. It can also help decision makers in
better understanding the risks in construction industry during COVID-19 in order to better
formulate policies and decision making with respect to Vision 2030 objectives. Furthermore,
the findings can aid the managers of building construction projects in designing effective
risk management strategies.

2. Literature Review
2.1. Overview of Construction Industry

Construction, in simple terms, is the process of constructing an infrastructure that
requires collaboration of multiple disciplines, including architectural design management,
financial and legal management, engineering and technology, logistics and procurement,
sustainability, risk management, project management, etc. Types of construction can be
broadly classified into industry-specific, building, and residential constructions [23]. The
construction industry is considered to be one of the sustainable and continuous businesses
that has been recording steady growth in recent decades. However, there are various risk
factors that influence this industry, such as geopolitics, economy, resources, technology, etc.
The global construction output growth in 2019 reduced to 2.7%, which was less than 2018,
and such deterioration was observed in many developing countries, especially the Middle
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East, while developed countries, such as the USA and Australia, have struggled to maintain
growth momentum [24].

Various findings have been identified in different studies [25-28], reflecting the com-
plexity and different influencing factors in the construction industry. It has been estimated
that there will be 85% growth (USD 15.5 trillion) in construction output by 2030 (3.9%
growth per annuum), out of which 57% of growth was contributed by a developed country,
the US, and developing countries including India and China [26]. Faster growth is predicted
in the USA (5% per annuum) compared to China, followed by India and Japan. In a report
by Robinson [27], the construction market is predicted to grow by USD 8 trillion by 2030.
A KPMG [25] survey revealed that only 20% of the global constructive companies were
innovative, 60% were followers, and 20% were behind the curve. In addition, disparities
were observed in strategies, practices, and performance of the companies’, reflecting gaps
in the process. Deloitte identified seven factors that can have an impact on growth in
construction industry, including the following: innovation, competitive dynamics and
margin improvement; internationalism, compliance, regulation, and transparency; and
sustainability [28]. The findings from these studies indicate the complexity in construction
industries, with there being various influencing factors, including geopolitics, environ-
mental, technology, strategies, innovation, etc. Furthermore, the COVID-19 impact has
significantly affected the construction industry, with many companies facing liquidity
problems. Reduced spending and consumption capacity, operating restrictions and fear of
contagion, supply chain disruptions, and lack of labour have all contributed to the impact,
which have affected the sustainability of many SMEs across the globe [29]. A recent report
on the construction industry predicted that smaller businesses and sub-contractors may
fail rapidly; contract management can be a major issue as customers may seek to terminate
or renegotiate contracts; internationalisation may become less viable as companies may
reconsider the regions in which they want to operate in [30].

2.2. Saudi Arabian Construction Industry

Saudi Arabia’s construction industry was severely affected during 2015-2016 following
the crash in oil prices, which reduced the capital flow; as a result, many projects were
halted, postponed, or even cancelled. However, the construction industry in the country
is expected to grow exponentially in the next few years, with it gearing up towards a
post-oil era, when new major cities will be developed and constructed [31]. According
to a report published by Mordor Intelligence [31], more than 5200 construction projects
are currently ongoing in Saudi Arabia, valued at USD 819 billion, out of which 3727 are
urban construction active projects, and these are valued at USD 386.4 billion. There 733
are utility sector projects valued at USD 95.6 billion and 500 relating to transportation,
valued at USD 156.2 billion. The Saudi construction industry is highly competitive with
major international players [32]. The market presents opportunities of growth, which is
expected to increase the market competition further. However, with a few players holding
a significant market share, the Saudi Arabian construction market has an observable level
of consolidation [33]. Focusing on the type of construction, Saudi Arabia spent USD 575
billion on public construction projects between the years of 2008 and 2013 [34,35]. A recent
report [36] has forecasted a growth of 2.9% in 2021 in the Saudi Arabian construction
industry and CAGR of 4% during 2022-2025. Furthermore, a Public Investment Fund
(PIF) of USD 800 billion was underlined by the Crown Prince for funding projects over
the next decade. Moreover, year-on-year growth of construction contract awards in Saudi
Arabia are forecasted to reach 96 percent in 2022, which is diversified over different types
of projects [37]. For instance, the total value of planned building contract awards alone in
the Saudi Arabia is predicted to be USD 10.95 billion in 2022 [38]. Given these forecasts, the
construction industry will be growing rapidly in the next few years.

The Saudi Arabian construction market is expected to witness significant growth and
offer lucrative potential, due to its Vision 2030, NTP (National Transformation Programme)
2020, and several ongoing reforms aimed at diversifying away from oil. The Vision 2030,
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NTP 2020, and private sector investment boost as well as the ongoing reforms are likely to be
the growth drivers for the Saudi construction market in 2018 and beyond. Vision 2030, along
with a significant investment in housing and infrastructure development promoted across
the country by local authorities, is revitalizing the construction industry and generating
interest in a growing number of international players. Due to these programmes, the
construction industry might have access to various opportunities; however, there are
challenges associated with these programmes. Changes in regulations, policies, and the
granting of planning approval may create complexity in the commencement of new projects
and the completion of those already in progress, as they will have to be modified according
to these new regulations. In this context, it is worth noting that the Saudi contractors’
classification system functions within five grades according to the value they hold for a
contract to be signed and 29 fields. The Example of the fields as following: buildings, roads,
industrial works, marine works, dams, electrical works, and mechanical works [39]. In
addition, according to the Government Tenders and Procurement Law in Saudi Arabia, all
government bodies and agencies must use Saudi Arabia’s Public Works Contract (SPWC)
for all government-funded public construction projects. In addition, an increase in the
projects will require growth in the work force, as a result of which companies may well have
to depend on expatriates, which might result in acquiring an unskilled workforce lacking
experience and facing issues in regard to cultural integration. In addition, without proper
estimations of costs and risks, the contractors may end up suffering from financial losses.

2.3. Risk Factors Leading to Cost and Time Overruns

Studies have identified various critical success factors for construction projects. These
included time, cost, quality, safety, client’s satisfaction, employees’ satisfaction, cash-flow
management, profitability, environment performance, learning and development, etc. [40].
However, the majority of the past research have extensively focused on the three major
factors for success in construction industry, which included cost, time, and quality [41].
It has been elicited that over 70% of public construction projects in Saudi Arabia have
experience delays [42]. Various risk factors and challenges explaining the time and cost
overruns for these projects have been uncovered. Baghdadi and Kishk [43] identified
54 risk factors in the context of external, internal, and force majeure in aviation construction
projects, which were causing duration delays as well as cost overruns. Mahamid [44],
focusing on the factors affecting performance in construction projects, identified various
risks, including poor communication among project participants, poor labour productivity,
poor planning and scheduling, payment delays, escalation of material prices, poor labour
productivity, and poor site management. Regarding the causes of disputes, Mahamid [44]
identified 29 direct and 32 indirect dispute causes, of which major direct dispute causes
included delay in progress payment by the owner, unrealistic contract duration times,
change orders, poor quality of completed work, and labour inefficiencies. Major indirect
dispute causes included inadequate contractor experience, lack of communication between
the construction parties, ineffective planning and scheduling of the project by the contractor,
cash problems during construction, and poor estimation practices.

Focusing on the design risks, Sha’ar et al. [45] identified unstable client requirements,
lack of proper coordination between the various disciplines of the design team, awarding
the contract to the lowest price regardless of the quality of services, lack of skilled and
experienced human resources in the design firms, lack of skilled human resources at the
construction site, delaying of due payments, lack of a specialised quality-control team, lack
of professional construction management, delaying the approval of completed tasks, and
deficient drawings and specifications. Various other challenges, such as those related to
subcontractors, labour, machinery, availability of materials, and quality; and client-related
risks such as financial issues, issues related to design documents, change in codes and
regulations, scope of work, accidents on site, lack of expertise, re-designing, unqualified
workforce, organisational culture, and poor contract management were identified from
various studies conducted on Saudi Arabian construction industry [46—48].
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Furthermore, the causes of the cost and time overruns factors differ between various
projects/buildings. For instance, when comparing the delay factors between road infras-
tructure and building projects, a recent study [49] found that the major critical delay factors
for road infrastructure projects included inadequate contractor experience and payment
delays to the contractor, while the shortage of materials and financial difficulties of contrac-
tor were most salient for building projects. For tall building projects, the major causes of
delay and cost overruns identified in [50] included “client’s cash flow problems/delays
in contractor’s payment”, “contractor’s financial difficulties”, and “poor site organization
and coordination between various parties”. Another study focusing on regular manufac-
turing and building construction [17] identified delays in progress payments, difficulties
in financing the project by contractor/manufacturer, slowness in decision making, late
procurement of materials, and delay in approving design documents as the major causes of
cost and time overruns. In specialised construction projects, such as railways, the causes
were found to be related to “Client’s decision-making process and changes in control proce-
dures”, “Design errors (including ambiguities and discrepancies of details/specifications)”,
“Labor skills level”, “Design changes by client or consultant”, and “Issues regarding per-
missions/approvals from other stakeholders” [51]. In addition, Allahaim [14] emphasised
causes and classifications as differing by project type and stakeholder, with overall cost
overrun depending on the type of project: power and health projects (60% cost overruns),
transport and water projects (40% cost overruns), and education projects (30% cost over-
runs). Aljohani et al. [52] carried out a review of the literature and identified 173 causes
of cost overrun in seventeen contexts, with the main ones being frequent design change,
contractors’ financing, payment delay for completed work, lack of contractor experience,
poor cost estimation, poor tendering documentation, and poor materials management.
The authors concluded that the main causes differed from country to country, and that
it would be an inaccurate method to use only the global literature to identify the causes
for a specific country [14]. In contrast, Ahady et al. [53] found that most of causes of cost
overruns in construction industries of development countries are similar, and the causes are
different for every project. The most significant causes of cost overruns were fluctuations
and increases in material price. Appendix A shows that various risk factors associated with
construction projects from 17 studies [2,4,14,17,44,51,52,52-65].

Hence, the factors causing cost and time overruns may change by the types of construc-
tion projects. Therefore, there is a need to focus the research on specific building projects
in the context of Saudi Arabia. Furthermore, most studies in the literature probed the
causes of either cost or time overruns for the construction industry, but very few considered
both. Given these gaps, it is essential that risk factors and risk management techniques in
Saudi Arabia have to be studied from time to time in order to prevent any damage/losses
and avoid cost and duration overruns in construction projects. Accordingly, the purpose
of this study is to identify the influential risk factors that lead to completion delays and
cost overruns of government-funded building construction projects in Saudi Arabia, all of
which have been subjected to a traditional type of procurement method Standard Public
Works Contract (SPWC).

3. Research Methodology

For this study, the researchers adopted a cross-sectional questionnaire-based survey to
identify risk factors related to government-funded building construction projects in Saudi
Arabia. Figure 1 illustrates the adapted research methodology phases used to achieve the
study objectives. This methodology includes four phases: the identification of initial risk
factors from the literature, questionnaire design, data collection, and then data analysis.
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Figure 1. Research methodology process.

The first phase was the identification of initial risk factors from previous literature.
A comprehensive literature review was carried out to uncover the various risk factors
associated with construction projects. Then, the researchers identified the risk factors that
were applicable in the context of Saudi Arabia. A final list of 83 risk factors, classified into
nine different groups (client-related, designer-related, consultant-related, contractor-related,
labour-related, material-related, equipment-related, external risks, and force majeure),
was identified to be relevant for investigation in the context of this study, as shown in
Appendix B.

The second phase was the questionnaire’s design. The initial questionnaire was
developed based on the findings in the previous phase. All these applicable risk factors
were included in the questionnaire, which was divided into three sections. The first section
of the questionnaire included the participants” demographic information, while the second
focused on the level to which project delays and cost overruns affect construction projects.
The third section pertained to identifying which risk factors caused project delays and
cost overruns by asking three sub-questions for each risk. These included the probability
of occurrence (P) in projects based on the respondents’ perspective and experience, the
negative impact of the risk on project’s time (IT), and the negative impact of the risk
on project’s cost (IC). The questionnaire used a Likert scale of five ratings (1: very low;
2: low; 3: moderate; 4: high; 5: very high) and was designed in both English and Arabic
to improve the participants’ ease of accessibility and understandability. The researchers
conducted a pilot study to validate the prepared questionnaire by distributing it to a set of
experts in the construction field. The collected comments were reviewed to develop the
final questionnaire.

The third phase of study was data collection. The questionnaire link was forwarded
to the experts in construction industry who have been working in relevant building con-
struction projects using various online networks. The researchers adopted snowball sam-
pling [66], requesting the participants to forward the survey link to their colleagues and
other relevant professionals. The survey was initially forwarded to 38 experts. Snowball
sampling is a more conducive and practical technique for the research scope and to over-
come the obstacle of the questionnaire’s length, finding the target audience, and providing
high-quality information. However, because of snowball sampling, 63 responses were
received. After removing eight incomplete responses, the responses from 55 participants
were included in the data analysis.

The fourth phase of study was the data analysis of the survey results using MS Excel.
The relative importance index (RII) calculated the probability of occurrence (P) of each risk,
the impact of the risk on project’s time (IT), and the impact of the risk on project’s cost (IC).
Risk Importance (RI) was used to determine the level of importance of each identified risk
associated with building construction projects by multiplying the probability and impact
for each in terms of project time and cost. In addition, the reliability of factor analysis
was used to measure the strength of the internal consistency of the identified risk factors,
and an agreement analysis test (Cronbach’s alpha) was conducted to measure the strength
and direction of relationship between the parties involved in this study (client, contractor,
and consultant).
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3.1. Ranking of Risks

To carry out data analysis, the relative importance index (RII) for each risk was
calculated by Equation (1) for the probability of occurrence (P) in projects based on the
respondents’ perspective and experience, and for negative impact (I) of the risk on project’s
time (IT) and for negative impact on project’s cost (IC), using five point Likert scales:

oW "\ Sng + 4ny + 3nz + 21y + 1ny
RII = L= 1
?::OAxN Eo 5N o

where

RII—is the Relative Importance Index;

W,—is the weight given to each factor by the respondents from 1, 2, 3, 4, and 5 for very low,
low, moderate, high, and very high, respectively;

A—is the highest weight (i.e., 5 in five-point Likert scale);

N—is the total number of respondents for every variable.

To prioritise risks, the formula of Risk Importance (RI) was calculated by multiply-
ing the probability and impact for each in terms of project time and project cost (see
Equation (2)). Based on the calculations, risks were classified as “high”, “moderate”, or
“low” importance. Risks that have an (RI) value equal to or greater than (0.6) were classified
as “high” and were significantly important, and those between 0.6 and 0.4 were classified
as “moderate” importance and less than 0.4 as “low” importance:

Risk Importance; RI = P x I (2)

where

RI—is the Risk Importance to determine the level of importance of each identified risk;
P—is the probability of risk occurrence;
I—is the impact of risk on time or cost.

3.2. Reliability of Factor Analysis

For this study, Cronbach’s alpha (Ca) testing was used to measure the reliability and
strength of the internal consistency of the identified risk factors. The Ca range is between
0 and 1, and the acceptable reliability number is typically 0.7 or higher as identified by [67].
The Ca formula for Likert scale is shown in Equation (3) below:

K
Co=g—1

< ©

K
1 Zfoaq

where:

Ca—is Cronbach’s alpha;
K—is many items;
o2—is the variance of test score;

o7—is the variance of item scores after weighing.

3.3. Agreement Analysis
Spearman’s rank correlation coefficient (rs) was used to measure the strength and
direction of relationship between two ranked sets rather than the actual values. The

coefficient was calculated by Equation (4) for ranked risk factors for pairs of the parties
involved in this study (client, contractor, and consultant):

B 6 d?
rs—lfm )
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where

rs—is Spearman’s rank correlation coefficient between two parties;
d—is the difference between ranks assigned to each risk;
n—is the number of pairs of rank.

4. Results and Discussion
4.1. Participants’ Demographics

Out of 55 acceptable questionnaires, 30 respondents (54.55%) belonged to the pub-
lic sector, whereas (34.55%) were from the private sector, and 5.45% belonged to semi-
government sector; the remaining 5.45% belonged to academic and research institutions.
Twenty-seven respondents (49.09%) designated themselves as the client (owner/government
agency), eighteen respondents (32.73%) were designers and consultants, and eight respon-
dents (14.55%) reported to be contractors. The majority indicated that they had a masters
degree (MSc) (41.82%), and 23.64% responded that they held a PhD.

Furthermore, the majority of the participants (63%) in this study had an experience of
more than 15 years on construction projects, and they were distributed across various areas
in the construction sector, reflecting the quality inputs gathered from the diverse experts.
The quality of the responses was considered reliable for the analysis due to personal level
interaction, relevant experiences, and clear understanding of the questionnaire among the
participates. Table 1 summarises the first part of the questionnaire responses, including the
respondents’ educational background and experience.

Table 1. Participants” demographic details.

Respondent Respondent

Category Number Percentage Category Number Percentage
Years of Experience Sector/Entity
Less than 5 years 1 1.82% Public sector 30 54.55%
6-15 years 19 34.55% Private sector 19 34.55%
16-25 years 26 47.27% Semi-government sector 3 5.45%
More than 25 years 9 16.36% Academic and research 3 5.45%
institutions
100.00% 100.00%
Educational Background Role
Civil Engineering 33 60.00% Owner/government agency 27 49.09%
Architecture 7 12.73% Designer 2 3.64%
Electrical Engineering 5 9.09% Consultant 16 29.09%
Mechanical Engineering 10 18.18% Contractor 8 14.55%
Others 2 3.64%
100.00% 100.00%

4.2. Delay and Cost Overrun in Construction Projects

Based on reported experience, more than 40% of projects had been subject to delays
in the execution phase for thirty respondents (54.55%), and the percentage of project
delays was more than 30%, as identified by 25 respondents. Fifty-four respondents had
experienced project cost overruns in the execution phase and the average percentages of
cost overruns were between 10% and 25% for 29 respondents, whereas 25 respondents
(45.45%) have experienced projects cost overruns with less than 10% of average percentage
of cost overruns. Table 2, below, summarises the results of second part of the questionnaire.

However, it has been documented that over 70% of the public projects in Saudi Arabia
were delayed [68]. For instance, university construction projects were found to be experienc-
ing delays from 50% to 150% [42]. The findings of this study indicate slightly fewer delays
(45% of participants stating delays less than 40%) compared to previous studies [69,70],
which have identified them as being from 70% to 75%.
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Table 2. Performance of building construction projects.

Project Delays Project Cost Overruns
Category Respondent Number Percentage Category Respondent Number Percentage
% Projects Exposed to Delays % of Projects Exposed to Cost Overruns
Never 0 Never 1 1.82%

Less than 10% 1 1.82% Less than 10% 11 20.00%
11-20% 9 16.36% 11-20% 11 20.00%
21-30% 4 7.27% 21-30% 13 23.64%
31-40% 11 20.00% 31-40% 9 16.36%

More than 40% 30 54.55% More than 40% 10 18.18

55 100.00% 55 100.00%
Average delay % Average cost overruns %
Never 0 0% Never 1 1.82%

Less than 10% 1 1.82% Less than 5% 6 10.91%
11-20% 10 18.18% 6-10% 19 34.55%
21-30% 19 34.55% 11-15% 10 18.18%
31-40% 10 18.18% 16-20% 8 14.55%

More than 40% 15 27.27% 21-25% 8 14.55%

More than 25% 3 5.45%
55 100.00% 55 100.00%
4.3. Ranking of Risks
Risks that are associated with building construction projects in Saudi Arabia were
assessed and ranked in terms of project delay and project cost overruns by calculating the
Relative Importance Index (RII) of the probability of occurrence (P) for each risk, RII of
impact of the risk on project time (IT), and (RII) of impact of the risk on project cost (IC).
Then, Risk Importance (RI) was calculated for each risk in terms of project time (delay) and
project cost (cost overruns), being subsequently ranked, as shown in Table A2 (Appendix B).
The top ten risk factors that led to delay and cost overruns in building construction projects
are shown in Table 3.
Table 3. Top 10 Risk factors that lead to delay and cost overruns in building construction projects.
Risk Importance
No Code Risk Factors Project Dela Project Cost Overall Category
) y Overruns
RI Rank RI Rank RI Rank
38 G4R2 Contractor’s financial difficulties (ineffective cash 0.692 1 0597 3 0.692 1 Contractor-
flow management) related
4 GIR4 Owner’s delay in making progress payments for 0.672 2 0525 1 0.672 2
completed works (Payment delays)
6  GIR6 Contract awarded to lowest bidder 0631 3 0601 2 0631 3  Clientrelated
11 GIR11 Change orders during construction 0.627 4 0.622 1 0.627 4
40 G4R4 Ineffective planning and scheduling of project by 0.627 5 0528 9 0.627 5 Contractor-
contractor related
55  G5RI Shortage of manpower (skilled, semi-skilled, 0.608 6 0.531 7 0.608 6  Labour-related
unskilled)
39 C4R3 Contractor’s poor sitg management and 0.601 7 0526 1 0.601 7
supervision
i Contractor-
37 G4R1 Inadequafe contractor experience flack of 0595 8 0529 3 0.595 3 related
experience, and managerial skills)
42 G4R6 Delays in sub-contractors” work or suppliers 0.588 9 0.474 24 0.588 9
56 G5R2 Unqualified /inexperienced workers. 0.588 10 0.548 6 0.588 10 Labour-related
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As a result of Risk Importance classification (high, moderate, and low), seven risk fac-
tors that were the most significant risks factors contributing to completion delay of building
construction projects were (1) contractor’s financial difficulties (RI = 0.692), (2) owner’s de-
lay in making progress payments for completed works (RI = 0.672), (3) contract awarded to
lowest bidder (RI = 0.631), (4) change orders during construction (RI = 0.627), (5) ineffective
planning and scheduling of project by contractor (RI = 0.627), (6) shortage of manpower
(RI =0.608), and (7) contractor’s poor site management and supervision (RI = 0.601). On
the other hand, there were two significant risks factors contributing to cost overruns:
(1) change orders during construction (RI = 0.622) and (2) contract awarded to lowest
bidder (RI = 0.601). The top ten risk factors that led to delay and cost overruns in building
construction projects are shown in Table 3.

The most significant risks factors identified in this study are related to contractors
(financial difficulties, ineffective planning and scheduling of projects, and poor site manage-
ment and supervision), clients (delay in making payments, awarding contracts to the lowest
bidder, and changing orders during construction), and labour (shortage of manpower).
Contractors’ financial difficulties (ineffective cash flow management) was ranked as the first
major risk factor in this study. Shash and Qarra [71] conducted a study that revealed that
40% of contractors in Saudi Arabia experience financial failure due to poor cash flow man-
agement. Saudi contractors’ classification system classifies contractors to a five-grade scale.
Although these grades determine the maximum project budget size that allow contractors
to bid for (an upper limit), it does not consider the maximum number of projects (the total
financial limit of all awarded projects) [39]. Consequently, some contractors use the cash
flow of one project to finance different project deficits [71]. This result is in line with some
of the investigated studies [2,71-73]. The Saudi contractors need to adopt effective cash
flow management practices that require planning, monitoring, and controlling cash inflow
and outflow at both the company and project levels to achieve financial success and avoid
project deficits.

The second ranked risk factor is the owners’ delay in making progress payments to
the contractor for completed works (payment delays). Most Saudi construction contractors
suffer from progress payment delays. Although Saudi contractors receive 5.0% of the
contract price at the beginning as an advance payment from the project’s owner, the
progress payments are the key sources of cash inflow to resolve deficit cash flow and
avoid or minimise outsource finance. Delayed progress payments and high expenses of
construction project leads to delaying construction work progress and increasing the project
costs unless the contractor is capable financially. Approval process (65%) and bureaucracy
(25%) are the primary reasons for delays in owners’ progress payments [71]. This result is
supported by [52,60,71,74].

Contracts awarded to the lowest bidder was ranked as the third most significant
risk to building construction projects in Saudi Arabia. This risk can be attributed to the
government’s tender and procurement system and the contractors’ classification system in
Saudi Arabia. This practice creates uncertainty due to a lack of experience, lack of financial
capability, incompetent contractors, and suicide tendering. It is supported by studies in
different contexts and was also identified by [7,60,74] in Saudi Arabia as the most important
significant risk factor in Saudi Arabia.

Changing orders during construction were considered the fourth most important risk
for project delay in this study. It was also identified by [7] Assaf in Saudi Arabia and by [75]
in Kuwait as the most significant risk factor causing project delays. Change orders usually
lead to change project schedules and contract prices, claims and disputes, and poor quality
of work. Khalifa and Mahamid [20] identified the factors causing change orders in Saudi
Arabia. The top causes of change orders are owners” additional work, design errors and
omissions, lack of coordination, defective workmanship, owners’ financial difficulties, and
differing site conditions.

Ineffective project planning and scheduling by contractors was ranked as the fifth
among the top risk factors in this study. It was also identified by [7,70,74] in Saudi Arabia
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and by [2] in Malaysia as the most important risk factor. The shortage of manpower (skilled,
semi-skilled, and unskilled) was ranked the sixth major risk factor in this study, which is
similar to the findings observed in [42]. However, studies [68,76] identified shortage of
labour as being less influential compared to the other factors among the top ten terms of
risk. Disruptions in supply chain and movement of labour due to the recent COVID-19
pandemic could be one of the reasons for the higher ranking for shortage of labour. Al-
though COVID-19 may be considered as a force majeure risk, the impact it caused may
affect all three stakeholders, including clients, consultants, and contractors. Furthermore,
the number of risk factors identified in Saudi Arabia in previous studies [68,76,77] was
from 45 to 60, and they were mostly related to owners (clients) and contractors. Finally, con-
tractors’ poor site management and supervision was ranked as the seventh most important
risk factor in this study. It was identified by [72] in Vietnam and by [2] in Malaysia.

Changing orders during construction and contracts awarded to the lowest bidder
were ranked as the first and second most significant risks to construction projects in Saudi
Arabia that caused project cost overruns, which were client-related risks. This result is
supported by previous research conducted by [52,54].

Furthermore, from the perspective of the three groups of respondents (clients, consul-
tants, and contractors), they indicated the risks related to their areas with low RI compared
to the other groups (as shown in Table A3, Appendix B). For instance, RI for almost all the
client-related risks was less than 0.6, as rated by the participants who were in this category,
whereas some of these risks were rated with an that was RI more than 0.6 by consultants
and contractors. However, no major differences among the groups were identified in rating
the risks pertaining to designer-related, labour-related, material-related, equipment-related,
and external risk factors. Table A3 (Appendix B) presents the ranking according to the
perspectives of the three groups of respondents.

Among the identified risk groups, contractor-related risks were identified to be the
major risk factors causing both time and cost overruns. Considering the remaining cate-
gories, materials-related, labour-related, consultant-related, and external risks had greater
impact on cost overruns; materials-related, force-majeure, and consultant-related risks
had greater impact of time overruns. The findings clearly indicated the disruptions in
supply chain, which may be attributed to the recent pandemic and issues in planning
and implementation.

In addition, analysing the risks of each group in order to identify the most important
group of risk in building projects in Saudi Arabia, as shown below in Table 4.

Table 4. The most important group of risk factors.

Group No. Risk Factor Group RI Rank Category
G1 Client-related Risks 0.55 1 Internal
G4 Contractor-related Risks 0.505 2 Internal
G5 Labour-related Risks 0.477 3 External
G2 Designer-related Risks 0.455 4 Internal
G6 Materials-related Risks 0.431 5 External
G3 Consultant-related Risks 0.421 6 Internal
G8 External Risks 0.397 7 External
G7 Equipment-related Risks 0.395 8 External
G9 Force Majeure Risks 0.342 9 External

The results revealed four groups as the most important groups with score more than
0.45, which include client-related risks, contractor-related risks, labour-related risks, and
design-related risks, all of which were found to have a greater impact on both cost and
time overruns. Client-related risks were ranked highest in government-funded projects.
However, this finding contrasts with some studies on Saudi Arabian construction where
contractor-related risks were given the highest importance [69,74], while in [22] client-
related risks were identified as being in this place. Contractor-related risks have been
elicited as being the second most important risk in this study, which contrasts with its
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rankings in other studies [69,70,74]; however, it was identified as being one of the most
significant risks in [43]. Moreover, labour- and design-related risks were identified as being
significant in studies [43,78] conducted in Saudi Arabia, while other studies [69,70,74] did
not find this to be the case.

The risk factors identified in this study, although they reflected similar risks identified
in other recent studies in different project types in Saudi Arabia, had few differences identi-
fied in terms of the nature of significant risks and their priority. For instance, in the study
focusing on the oil and gas industry [15], client-related risks included changes in design
and contractor-related risk, and poor planning and implementation were identified as the
significant risks; On the other hand, in the study focusing on manufacturing and building
projects [17], contractor-related risks including financial difficulties and delays in procure-
ment of raw-materials were identified to be significant risks. In another project related to
roads construction, poor planning and poor labour productivity and unskilled labour were
identified to be the significant risks. Lean practices can be an effective approach in this
context for improving the planning and implementation of construction projects in Saudi
Arabia, as it can result in social, economic, and environmental benefits [79]. Although lean
practices were identified to be effective in different countries [79,80], different barriers such
as traditional practices, client related, technological, performance and knowledge, and cost-
related barriers were identified, which limit the implementation of lean practices in Saudi
Arabia [81]. Therefore, there is a need to address these barriers for effective implementation
of lean practices for addressing the various types of risks in Saudi Arabian construction
industries. It is evident from these studies that the nature of risks and its significance may
change with the types of projects and countries; therefore, risk management strategies and
approaches have to be adjusted accordingly.

These research findings provide a good lesson to not only Saudi Arabia but also the
construction industries in other countries, especially the Middle East countries, where
there is a lack of skilled resources, high dependency on expatriates, and rising demand
for new construction projects. Furthermore, the findings in this study contrasted with
studies conducted in other developing countries. For instance, in Malaysia [2,61], design
and contract risks were identified to be of high priority, followed by labour risks. However,
with increase in FDIs, the clients of the governments may require different changes or
raise issues in agreements that may lead to an increase in such risks, as identified in this
study in Saudi Arabia, which is focusing on acquiring huge FDIs. Similar results may
be identified in China [59], where client risks and contractor-related risks were identified
to be the significant risks. Therefore, for developing countries looking for FDIs in the
construction industry, client-related risks may emerge as top risks in the near future. While
other risks such as material and labour-related risks would be commonly identified in
developing countries with limited technical and human resources [55].

4.3.1. Reliability of Factor Analysis

It was calculated for the nine groups and the overall factors, as shown in Table 3. The
results of Cronbach’s alpha were all more than 0.8, thus indicating an acceptable level of
reliability was achieved, as shown in Table 5.

4.3.2. Agreement Analysis

As shown in Table 6, the results indicate positive agreement between the pairs of
parties, with the highest level being between the client and consultant, at 82.8%, and 73.8%
agreement between the consultant and contractor, and then 64.1% agreement between
the client and contractor. The lowest degree of agreement appears to between client and
contractor (43.3% with impact on project cost overruns and 34.1% with risk importance of
cost overrun). The overall agreements between the parties in ranking the risk factors and
other major findings in this study can be used for further research and analysis.
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Table 5. Reliability analysis (Cronbach’s alpha) for the risk factors.

Group No. Risk Factor Group No. of Risk Factors ~ Probability (°P)  Impact on Time (IT) Impact on Cost (IC)
Ca Result Ca Result Ca Result
G1 Client-related Risks 16 0.825 Good 0.813 Good 0.847 Good
G2 Designer-related Risks 10 0.862 Good 0.824 Good 0.842 Good
G3 Consultant-related Risks 10 0.866 Good 0.865 Good 0.897 Good
G4 Contractor-related Risks 18 0915  Excellent 0.906 Excellent 0.940 Excellent
G5 Labour-related Risks 8 0.860 Good 0.847 Good 0.901 Excellent
G6 Materials-related Risks 6 0.867 Good 0.884 Good 0.937 Excellent
G7 Equipment-related Risks 22 0.853 Good 0.837 Good 0.841 Good
G8 External Risks 9 0.873 Good 0.828 Good 0.877 Good
G9 Force Majeure Risks 4 0.839 Good 0.864 Good 0.862 Good
Overall 0.9858 Excellent

Table 6. Spearman’s rank correlation coefficient between parties **.

Parties Spearman Rank Correlation Coefficient
Client and Consultant 0.834
Client and Contractor 0.653
Consultant and Contractor 0.736
Impact (I) Risk Importance (RI)
Parties Probability Protect C SR
) Project Delay roject Cost Project Delay roject Cost Overall
Overruns Overruns
Client and Consultant 0.814 0.778 0.788 0.817 0.830 0.828
Client and Contractor 0.650 0.633 0.433 0.655 0.341 0.641
Consultant and Contractor 0.756 0.683 0.610 0.765 0.548 0.738

** Correlation is significant at the 0.01 level (2-tailed).

Regarding the level of agreement amongst the different stakeholders, it is evident
from Table 6 that client-consultant had the highest, while client-contractor had average
levels of agreement, thus indicating the major issues relating to the clients—contractors’
relationships and transactions. The low probability in client and contractor relationship
can be understood in different perspectives and interests. The relationship between client
and contractor can be influenced by various factors. For instance, commitments from the
contractors and competence trust of the clients are very volatile, which can significantly
affect the relationship between them [82]. While time, cost, and quality were considered
as important client values, they were not considered as exclusive values for assessing
contractors service, indicating the differences in the values, attitudes of both parties, and
the relationships between them [83]. The major issues identified in this study and pre-
vious ones [68,76,77] have revealed that the majority of the risk factors of high priority
pertain to client—contractor relationships. Hence, it can be concluded that the companies
and consultants in Saudi Arabian construction industry should focus on improving the
client/contractors’ relationships, the tendering process, project planning and execution,
and financing.

5. Conclusions

The construction industry in Saudi Arabia has suffered from completion delays and
cost overruns, which have caused financial losses for all parties involved in such a com-
petitive environment. The survey results revealed the seven risk factors that were the
most significant risk factors contributing to the completion delays of building construction
projects out of the eighty-three risk factors identified from literature review. These risk fac-
tors included contractors’ financial difficulties, owners’ delay in making progress payments
for completed works, contracts awarded to the lowest bidder, change orders during con-
struction, ineffective project planning and scheduling by contractor, shortage of manpower,
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and contractors’ poor site management and supervision. Additionally, changing orders
during construction and contracts awarded to the lowest bidder were the most significant
risks that caused projects cost overrun, which were client-related risks. It revealed four risk
groups as the most significant: client-related risks, contractor-related risks, labour-related
risks, and design-related risks. Each group was found to have a notable impact on both
cost and time overruns. The statistical analyses revealed an acceptable level of reliability
of the identified risk factors and a positive agreement between the clients, consultants,
and contractors.

The findings have revealed issues in the client/contractor relationship and tender
allocation process, which may help industry experts and government agencies in future
plans to mitigate the risks identified in this study. Furthermore, with uncertainty continuing
due to the COVID-19 pandemic and the opening of the markets, future studies could focus
on investigating the force majeure risks and the impact these have on the relationships
between the stakeholders and supply chain systems in the Saudi Arabian construction
industry. To achieve sustainable development, client-, contractor-, and labour-related risks
must be effectively managed.

The novelty of contributions in this study can be reflected in the findings achieved
in specific to government funded building construction projects in Saudi Arabia, which
previous studies have not focused, although the difference in the risk factors with project
types were highlighted in previous studies. Furthermore, the findings of this study are
novel, due to the situations created by external factors such as COVID-19 pandemic, which
has greatly affected resource management and continuity in construction. However, there
are certain limitations that can be observed in this study. This study adapted snowball
sampling methods and only considered government-funded building construction projects
through SPWC processes, while there are also other project types. These limitations can
be addressed in future research works. Future research can focus on another project types
in the context of Saudi Arabia, such as roads, industrial projects, etc. However, various
implications can be drawn from the findings in this study. Firstly, the results from this
study aids decision makers to better understand the impact of the COVID-19 pandemic
on the construction industry, based on which necessary policy-related decisions may be
taken to strengthen the construction industry and better implement vision 2030 objectives.
Secondly, the findings in this study contribute to the literature on the risk factors by project
types, as this study focused only on government-aided building construction projects.
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Abstract: Low accuracy in the estimation of construction costs at early stages of projects has driven
the research on alternative costing methods that take advantage of computing advances, however,
direct implications in their use for practice is not clear. The purpose of this study was to investigate
how predictive analytics could enhance cost estimation of buildings at early stages by performing
a systematic literature review on predictive analytics implementations for the early-stage cost esti-
mation of building projects. The outputs of the study are: (1) an extensive database; (2) a list of cost
drivers; and (3) a comparison between the various techniques. The findings suggest that predictive
analytic techniques are appropriate for practice due to their higher level of accuracy. The discussion
has three main implications: (a) predictive analytics for cost estimation have not followed the best
practices and standard methodologies; (b) predictive analytics techniques are ready for industry
adoption; and (c) the study can be a reference for high-level decision-makers to implement predictive
analytics in cost estimation. Knowledge of predictive analytics could assist stakeholders in playing
a key role in improving the accuracy of cost forecast in the construction market, thus, enabling
pro-active management of the project owner’s budget.

Keywords: buildings; cost estimation; predictive analytics; systematic literature review

1. Introduction

Cost management and knowing whether a final account is on budget or not is critical
to measure a project’s success [1]. As an example, the Project Management Institute [2]
highlights the importance of monitoring and controlling costs using estimates as baselines
to achieve budgeting goals. Cost estimation is the process of producing cost estimates by
quantifying and valuing the necessary resources to develop a project [3]. The process is
iterative in the sense that estimates are updated according to the level of information that
becomes available during the inception and design stages, which is fundamental for the
decision-making process. The estimation of costs enables the determining of the project’s
economic feasibility and the evaluation of alternatives, moreover, it can be a driver for the
scope given the greater influence project owners have in the initial stages [2].

The most commonly used method to estimate costs in the early stages of building
projects is the superficial area method [4]. This method, also called floor area method,
consists of multiplying the total gross internal floor area (GIFA) by an appropriate cost/m?,
based on historical data [5]. This traditional method provides low accuracy ranging between
—15% to +25% [6,7]. Increasing the accuracy and reliability of cost estimates is of utmost
importance for the decision-maker’s ability to optimally assess alternatives and improve
investment decisions early on in projects.
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Predictive analytics is a term that has been used since 2006 to find and exploit re-
lationships in data [8]. Some methods, such as regression analysis, have been used in
statistics for 200 years, starting with the early Legendre and Gauss Least Squares Method,
used to determine orbits about the sun from astronomical observations [9]. Other more
recent techniques, including Artificial Neural Networks (ANN), Decision Trees (DT), and
Case-Based Reasoning (CBR), have evolved with the increase in computation capabilities
and the growing volume of data stored [10]. Predictive analytics has been classified as
a subset of data science [11], with the aim being to elaborate empirical predictions [12].
Predictive analytics started being applied in credit scoring in the decade beginning in 1950
and has increased its presence and benefits in the areas of fraud detection, healthcare,
marketing, insurance, and retail [13,14].

In the process of creating predictive models, the initial stages consider the collection
and preparation of observational data related to the desired phenomenon to forecast. The
amount of data is critical to achieving higher accuracy in the results [12,15]. Given the data-
intensive nature of predictive analytics, two characteristics of construction information can
make predictive analytics suitable for cost estimation. First, construction projects consume
a large amount of information in the form of drawings, schedules, contract documents, and
specifications [10]. Secondly, project data, including cost, are becoming highly structured
with the aim of 5D building information modelling, which provides quantities in real time
from the information linked to virtual models [16]. The potential of predictive analytics
in the construction industry has been widely supported by the research developed since
2000 [15,17].

A review of 27 studies on the use of artificial intelligence to construction-cost esti-
mation has revealed three main drawbacks in the research area: (1) the need to consider
more modeling parameters; (2) the need for standard validation methods to estimate the
accuracy of models; and (3) ambiguity and opacity of the experimental results [17]. In a
later review, the modeling process sorted by technique was identified by analysing more
than 100 publications related to artificial intelligence and parametric estimation for con-
struction cost [15]. Elfaki [17] and Elmousalami [15] focused on providing guidelines to
improve the experimentation and the modelling process from a research perspective. Yet,
explicit benefits and implications for practice, such as the accuracy levels, have not been
addressed. Predictive analytics has tremendous potential to benefit construction projects,
but the industry has not widely adopted this new technology [10].

In this paper, a systematic literature review based on the approach suggested by
Kitchenham and Charters [18] was conducted to explore the applications of predictive
analytic techniques on the early-stage cost estimation of building projects. This review
aimed to investigate how predictive analytics can enhance the practice by: (1) exploring the
model’s input determination; (2) identifying the techniques used and accuracy of models;
and (3) examining the direct benefits and challenges identified by the authors. The structure
of the paper follows with a background of cost estimation and predictive analytics. Next,
Section 3 reports the methodology, then the results and discussion are presented in Section 4.
Finally, the conclusion is provided in Section 5.

2. Background
2.1. Cost Estimation

Industry organisations, such as the Royal Institute of Chartered Surveyors (RICS) in
the UK and the Association for the Advancement of Cost Engineering (AACE) in the USA,
have promoted the development of cost estimation, leading the engineering practice into
the standardisation of cost-information management. The guides developed by the Royal
Institution of Chartered Surveyors [5] have provided significant advances and contain sets
of rules to estimate construction projects’ costs. Researchers have also contributed to the
knowledge domain by providing crucial educational training material on cost estimation,
presenting it as a control measure for all the stages of construction projects [3,4,19,20].
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Nevertheless, the need remains for improvements in the understanding of the key factors
of construction costs and their estimates accuracy [4].

Researchers have encouraged paradigm shifts in the construction industry, especially
in the area of cost estimation [21]. Brandon [22] stressed the importance of putting under
scrutiny the philosophy of estimation, proposing that the advance in computer hardware
and utilisation of large databases would provide means to reduce the limitations of human
abilities and move into simulations to model the reality. In the same line, understanding of
the construction activity through principles found in the Japanese industrial production has
intensified the research within the construction industry [23,24]. The need for innovation
towards lean construction has led to different proposals to manage costs in construction
projects, such as Activity Based Costing (ABC) [25] or Target Costing [26]. Despite these
promising advances, the traditional philosophy to estimate costs remains broadly utilised
in practice.

The main objective of cost-estimation practice, since its establishment within the
discipline of quantity survey in the decade beginning in 1950, has been to provide a basis to
control project costs with the elaboration of cost estimates [4]. Framed within the knowledge
area of cost management, different cost estimates provide the necessary information for the
decision-making process in the development of projects [2]. With the same perspective, [19]
argues that the Royal Institute of British Architects” (RIBA) Plan of Work (PoW) is conceived
as an organised procedure for taking design decisions, with accompanying data to be
included at various stages of the design evolution. And RICS New Rules of Measurement
NRM 1 [5] identified the RIBA Plan of Work as a construction-industry-recognised model
that organises the processes of designing and administering/managing building projects.

Given the nature of the link between cost estimations and the evolution of the projects’
designs, the techniques used to estimate costs will depend on the objective of the stage at
which the project is in and the level of information available. In the inception stage, when
the information about the project is limited and the main goal is to determine feasibility
and viability of projects, cost estimates provide the information for investment decisions
and a cost reference for the initiation of the design stage. In this early stage, preliminary
cost estimates, also called Order of Magnitude estimates or Rough Cost estimates, use
the statistical square area (superficial) method, also called floor-area method [2,4,5]. The
superficial method relies on statistical data from previous building projects that are adjusted
according to the location and year of construction, and it is widely used due to its simplicity,
quick calculation because most published cost data are expressed in this form (square area),
and is easily understood by the architect/designers and client. Alternative methods, such as
cube and storey enclosure methods, are available in the early stages, but they have not been
widely adopted in the construction industry as they involve more rigorous calculations
than any of the previous methods and historical rates for use are not usually published.

In the design stage, the objective is to create a building design within the scope defined
by the owner’s requirements and within the cost target defined in the earlier stages. This
objective makes cost estimation a tool of control for the design in terms of cost. The
estimate is called cost plan in the stage of design, and it evolves with the increasing level of
detail in the design. This cost plan follows an analogous approach in which unitary costs
from historical databases are assigned to the different project elements that are aggregated
according to the total quantities and then adjusted using location and time indexes [4]. The
subdivision of the buildings in elemental constituent parts, such as substructure, frame,
upper floors, and roof, follow standard guidelines [5].

Contractors estimate costs in the tendering stage with the objective of elaborating
budgets and controlling later expenses. Since the design is usually completed in the tender
stage, it includes the details of the project, and, contrarily to the early stage Rough Cost
estimate, the detailed cost-estimation process follows a bottom-up approach, in which
the cost is estimated based on complete design documentation and by work packages
associated with the work breakdown structure considering the necessary resources, e.g.,
labour, equipment, materials, and subcontractors [2].
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Further, the RICS [5] illustrates the key components of a cost estimate. The base
cost estimate is the total estimated cost of the building works, the main contractor’s
preliminaries, and the main contractor’s margin (profit and overheads). Therefore, the base
cost estimate contains no allowances for risk or inflation (that is, the risk-free estimate).
Also, allowances for risk and inflation (i.e., fluctuations allowance in the basic prices of
materials, labour, and plant during the period from the date of tender return to the mid-
point of the construction period) are to be calculated separately and added to the base cost
estimate to determine the client’s cost limit for the building project. In comparison with the
foregoing submission, Smith and Jaggar [27] categorised contingency factors, including the
risks involved during design development stages, as:

e  Planning contingency (e.g., planning restrictions, legal requirements, environmental
concerns, and statutory constraints);

e Design contingency (e.g., inadequate brief, aesthetics and space concerns, changes in es-
timating data, incomplete drawings, and little or no information about M&E services).

In an attempt to address uncertainty in cost estimation, risk management recognises
that factors may affect the design phase of the development process, and the traditional
way of dealing with them is to make a percentage contingency allowance. For example, the
RICS [5] identified contingency provision as a key element that could be incorporated into
a cost estimate. These contingencies are to provide for risks associated with design devel-
opment, construction, employer-driven changes, and other employer-restrictive concerns.

In the early stages of projects, accuracy remains a challenge [6]. The accuracy of final
estimates falls within the range of 5% as the project approaches the tendering process [7].
Despite the critical importance of the early stages mentioned in the previous paragraphs
and the low accuracy of traditional methods, alternatives supported by computational
advances have not been widely adopted in the construction industry [4].

2.2. Predictive Analytics

The concept of predictive analytics can be understood as the systematic analysis of data
to elaborate models for prediction using computational techniques. Predictive analytics
has been used since the decade of the 1950s [28]. Shmueli [29] stated that predictive
modelling aims to predict future observations as a process using data-mining algorithms
or statistical models to data. Predictive analytics techniques have been applied successfully
in different areas, such as marketing and finance [30], to prevent bank fraud, according to
Boyacioglu [31], and in medical areas, for the prediction of diseases, such as diabetes [32].
The increasing capacity of data transmission, the increasing amount of data stored by
organisations, and the higher processing capacities have boosted the use of predictive
analytics in industry [33]. Despite these advances, the uptake in the construction industry
is behind compared to other industries, such as financial services, transportation and
logistics, and energy and resources [10,34].

A complete process of constructing predictive models consists of the steps shown
in Figure 1, where the initial consideration in the modelling process is the appropriate
identification of the main model’s objective from a predictive perspective, followed by the
data collection and study design. Large-size data and data of an observational nature within
the same population are considered optimal for higher accuracies. The data-preparation
step has two main issues. Missing information can be helpful if the data is informative
enough of the output, but, if not, these data need to be handled by removing observations
or parameters by utilising dummy variables or developing different models according to
the missing data distribution [29]. The second issue relates to data partitioning for testing
purposes. The data set should be randomly partitioned into two parts, one for training the
model and the other one to evaluate the predictive performance of the final model.
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Figure 1. Empirical model-building steps schematic. Adapted from Shmueli and Koppius [12].

The Exploratory Data Analysis (EDA) follows the data-preparation step and is used
informally in predictive analytics to synthesise the data graphically and numerically to
capture unknown or not formulated relationships [12]. Additionally, EDA is used to reduce
the dimensionality of the data by reducing the number of parameters and to reduce the
sample variance. Some methods, such as Principal Component Analysis (PCA) and Factor
Analysis, can be used to assess relations between parameters of potential models. Variable
inputs or parameters are chosen considering the relation between input and output, the
data quality, and the availability of the parameters at the moment of prediction. Although
the accuracy of the models mainly influences the model’s choice, techniques with higher
accuracy sacrifice interpretability and objectivity of models. The many available techniques
used in predictive analytics can be classified as linear and nonlinear models. Linear and
logistic regressions are the most common techniques used for data modelling. Although,
with higher chances of overfitting models, techniques such as Decision Trees, Artificial
Neural Networks, Support Vector Machine (SVM), and Fuzzy Logic Systems (FLS) have
the capacity of modelling nonlinear relationships [30]. Case-Based Reasoning (CBR) is also
a common technique studied to elaborate predictive models.

The evaluation and validation are the main criteria for assessing the predictive power
of a model [12]. The model selection aims at identifying the appropriate level of com-
plexity leveraging bias and variance for higher accuracy. Model evaluation is conducted
by assessing the accuracy of the models using out-of-sample data. The use of statistical
significance variables such as R-squared are considered a minor role, while generic predic-
tive measures on observational data such as Root Mean Square Error (RMSE) and Mean
Absolute Percentage Error (MAPE) are more typical metrics of accuracy. The selection of
out-of-sample data depends on the method of validation used for the model’s evaluation.
The two methods, hold-out cross-validation and k-fold cross-validation, are standard for
validation of models [35]. The hold-out cross-validation method is the most straightforward
approach and involves splitting the data into a training dataset and a testing dataset. In the
second method, k-fold cross-validation, the same data is used to train and test several
models. The data selected for testing and training purposes are different on each train
session, but the average of the test results should provide better estimates than individual
test results [35].The extreme case is when the number of subsets is the total number of data
points, and it is called Leave One Out Cross Validation (LOOCYV). Validation methods also
help to overcome the challenge of model overfitting, which occurs when a model fits the
data for training to the extreme of not being able to predict new data [12]. The model use
and reporting stage relate closely to the predictions and the performance measures where
results need to be translated into new knowledge following the initial objectives.

The following section describes the research method followed in this paper to investi-
gate how predictive analytics can enhance the practice of cost estimation.
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3. Methodology

Systematic literature reviews can support the development of a new knowledge
base for practitioners and managers to provide collective insights [36]. According to
Borrego [37], these rigorous reviews have become a significant source of evidence in
medical research and are gaining importance in areas such as psychology and education.
On the other hand, Denyer and Tranfield [38] highlighted the potential of systematic
literature reviews as an evidence-based approach for management research. According to
Pan [39], the two guidelines have become well-known guidelines for systematic reviews,
the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) and
Kitchenham guide [18,40]. Although the PRISMA has been designed primarily for studies
that evaluate the effects of health interventions, Page [40] argues that its check lists items
are applicable to other areas and it has been adopted for global standards when conducting
systematic literature reviews. However, Denyer and Tranfield [38] exposed that fit-for-
purpose methodologies should be developed according to the unique characteristics of
the study’s design. The present review focused on implementing predictive analytics
techniques, which have evolved in the area of informatics requiring intensive use of
computation applications. Since the guidelines by Kitchenham and S. Charters [18] for
systematic literature reviews have been adapted from the medical and psychology, and
according to Ayodele [41], implemented in computer science, the study has followed such
guidelines considering them appropriate to address the research objective. A step-by-step
description of the methodology is illustrated in Figure 2. Overall, the review process
consisted of three main stages—planning, conducting, and reporting the review.

Establish the need for the review

Define research questions

Develop a Protocol

Identification of research.
Selection of primary studies.

Study quality assessment.

Data extraction and monitoring.

Data synthesis.

Writing

Reporting Formatting

Figure 2. Methodology.

The planning stage was the most crucial part of the review because it provided a guide
for the activities necessary to address the research objective. Accordingly, the first step
in this stage was to identify the need for the review. For this purpose, a scoping review
was conducted in the area of estimation, focusing on their challenges and future trends.
A further review of cost modelling techniques allowed to establish the need to aggregate the
individual results of the studies and transform them into recommendations for its uptake.
In the second step, the consequent objective of investigating how predictive analytics can
enhance cost estimation was divided into three questions:
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Q1. How does predictive analytics determine the input parameters of models, and
what are the parameters commonly used?

Q2. What is the predictive power of the predictive analytics techniques to forecast
the construction cost in the early stages of building projects, and what are the most ex-
plored techniques?

Q3. What are the benefits and challenges in the use of predictive analytics techniques
in cost estimation?

Following the suggestions on Kitchenham and Charters [18], the third step was to
create a protocol for the inclusion of the fundamental procedures for the conduction of the
review. This formal document is essential in systematic literature reviews because it is a
plan helping to maintain objectivity in the research [36].

The second stage, conducting the review started with the identification of research.
The database search engine selected was Scopus and the target material for the review
was published applications of predictive analytics for estimating the costs of building
construction projects in the early stages. The search syntax was TITLE ((cost OR costs)
AND (estimation OR prediction OR modeling OR modelling OR model OR estimate) AND
(buildings OR construction OR projects)) and it returned 1586 documents.

Aiming at finding resources to answer the research questions, the selection of primary
studies was done based on the inclusion criteria which also considered as excluded from
the review any study not fulfilling all the indicators. The following list contains the criteria
used to include and exclude literature:

Only literature published between 1974 and May 2022;

Only studies from journals and conferences written in English;

Only studies focusing on early-stage cost estimation;

Only studies implementing predictive analytic models to estimate cost;
Only focusing on building projects;

Only studies using percentage error as accuracy measure of the final cost;
Only studies providing the accuracy results and parameters used; and
Only studies using real data of buildings.

P NG LN

The selection of primary studies was conducted in two phases, first, by analysing the
titles and abstracts and, then, a second selection was made by fully reviewing the studies.
In the first filter, candidates were excluded when their characteristics were clearly against
the selection criteria. In the second filter, a study was selected only when it fulfilled all the
selection criteria. The preselection narrowed the list of papers from 1586 down to 127, and
then, the full review allowed to identify 30 papers. A backward and forward snowballing
process was performed on the 30 articles following the previous approach and following
the suggestions provided by Wohlin [42]. With this process 16 additional studies were
identified, finalising with 46 papers in total.

Quality assessment of studies using a variety of empirical methods remains a major
problem [43]. In order to control the quality of the studies in the review, the presence of
their publication venues in the Scimago H index and Google h5 indeXx, together with the
number of citations on Google Scholar were part of a quality-monitoring process.

In data extraction and monitoring the necessary information from the articles was
imported from the Scopus search list in an XML format extraction and stored in an Excel
sheet. This information consisted of title, authors, year of publication, venue, and number
of citations until May 2022. In addition to the bibliographical data, the following content
data items were sought to answer the research questions.

- Venue type;

- Venue name;

- Country of study;

- Publication date;

- Number of citations;
- Scimago H index;

- Google h5 index;
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- Type of buildings;

- Data source;

- Sample size of data set;

- Number of parameters used in the models;
- Mean absolute percentage error;

- Parameter identification method;

- Method to optimise parameters;

- Rankings of parameters;

- Type of technique;

- Sub technique compared;

- Component of the model improved;
- Techniques compared;

- Type of validation;

- Sample size;

- Benefits; and

- Challenges.

Systematic literature reviews typically use meta-analysis to combine and assess quan-
titative experimental results [44], but the present study used a statistical descriptive and
content analysis approach. The bibliographic information was first analysed to have an
overview of the publications and to understand the context of the research area. The
compilation was synthesised into the items, date of publication, number of publications
distributed in time, and origin country of the study.

The synthesis of the data to answer the research question one provided the number
of techniques used in the process of selecting the initial parameters of the models and
the parameters most used. To determine the parameters, the ranked lists of parameters
provided in the studies were aggregated by the Borda—Kendall technique. This method
was selected because its use has been widely implemented for rank aggregation and the
derived techniques are intuitive and easy to understand [45-47].

The techniques implemented in the studies and the accuracy of the models were
collected to answer the second research question. The numbers of techniques most explored
were grouped as percentages. The accuracy of the models was summarised in averages
and distributed in quartiles, while the second component of predictive power, validation
methods, were grouped by type.

In answering research question three, benefits and drawbacks of the utilisation of
predictive analytics techniques in cost modelling were compiled using reciprocal translation,
which allowed integrating different terms describing the same meaning [18]. The ideas were
extracted only from the discussion and conclusion sections to ensure they were derived
from the experimentation. These were tabulated and ranked according to the number of
authors mentioning them. The last stage of systematic literature reviews is the report. For
this purpose, the report followed the protocol structure since it contains the fundamental
elements of the review.

4. Results and Discussion

This section presents a synthesis and discussion of the data extracted from the 46 stud-
ies selected in the systematic literature review. The first subsection provides an overview
of the bibliographical features of the publications, followed by a discussion of the input
parameters, the predictive power, the techniques used, and the benefits and challenges of
predictive analytics techniques implemented in the studies.

4.1. Studies Description

From the 46 selected studies five were from conference papers and 41 from journals.
The largest number of publications corresponded by far to the Journal of Construction
Engineering and Management with 11 studies (24% of the total). The studies dated from 1974
to 2022, but only two of them were published before 2000, Elhag and Boussabaine [48]
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and Karshenas [49]. These papers have seminal material in the area of cost modelling of
building projects. As can be seen in Figure 3, the number of publications in the research area
increased from 2000 and until 2014-2015, presenting a spike in 2004-2005. From 2014-2015
until 2018-2019 the research activity decreased, and in the last period of 2020-2022 the
publications increased. The reduction of publications suggested that the research area may
have reached a maturity level, where a next stage in the research area may be appropriate
to be explored. The graph of the same figure presents Korea as the most prolific country
after the United States with 17 and five studies, respectively. The Korean presence in the
research area can be explained by the dedication of researchers, such as Gwang-Hee Kim
and Sae-Hyun Ji, who together are authors of 13 of the 17 studies.
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Figure 3. Statistical properties of the publications: (a) biannual distribution of publications of the
review; and (b) distribution of publications per country.

The top 10 most cited documents in Google Scholar are shown below in Table 1.
Kim et al. [50] present the highest number of citations, 617, and was the first publication
comparing the most promising techniques for cost estimation, Multiple Regression Analysis
(MRA), Artificial Neural Networks (ANN), and Case-Based Reasoning (CBR). In this study
the high accuracy achieved by the three techniques, and, particularly, the transparency
of CBR in explaining the results, suggest predictive analytics techniques can be a feasible
alternative to traditional cost estimation in the early stages of projects. Kim et al. [50]
and the rest of the top 10 publications, having over 100 citations each, have become a
reference in the research area of cost modelling not only for building projects but for
general construction projects.

4.2. Models Input Parameters

Even though the performance of cost models heavily relies on the appropriate iden-
tification of the cost drivers, the data available is the fundamental input to elaborate the
models. This section starts presenting the relevant features of the data used in the studies,
such as data source, type of buildings, and quantity of data. Next, two approaches used to
identify and select the parameters from the data are presented. Then, the most predominant
parameters used in the studies are shown in the form of an aggregated ranking.
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Table 1. Most cited papers.

No. Authors/Year Title Country Citations

1 Kim et al. [50] Compa.rlson of cqnstructlon—cost—estlmatmg models based op Korea 617
regression analysis, neural networks, and case-based reasoning.

5 Gﬁunaydm and A neural netvx{or'k approach for early cost estimation of structural Turkey 314

ZDogan [51] systems of buildings.

3 Lowe et al. [52] Predicting construction cost using multiple regression techniques. UK 320

4 An et al. [53] A case.—bas.ed reasoning cost-estimating model using experience by Korea 248
analytic hierarchy process.

5 Emsley et al. [54] Data mode!hr}g and the apphcahop of a neural network approach UK 192
to the prediction of total construction costs.

6 Sonmez [55] ConcePtual cost estimation of building projects with regression Us 176
analysis and neural networks.
Conceptual cost estimates using evolutionary fuzzy hybrid neural .

7 Cheng etal. [56] network for projects in the construction industry. Taiwan 176

8 Kim et al. [57] Ne‘ural perork moc-lel incorporating a genetic algorithm in Korea 173
estimating construction costs.

9 Chan and Park [58]  Project cost estimation using principal component regression. Singapore 147

10 Dogan et al. [59] Determining attribute weights in a case-based reasoning model Turkey 139

for early cost prediction of structural systems.

4.2.1. Data Utilised in the Studies

In predictive analytics, the data used for modelling should, ideally, be extracted from
a population of similar characteristics to achieve more accurate predictions (Shmueli and
Koppius [12]. In this sense, prediction accuracy is strongly linked to the data characteristics.
The general type of buildings identified in the systematic literature review was multistorey,
and subclassifications were identified according to their use, e.g., residential, schools,
office use, or mixed. Also, seven studies specified the structure type of the building used.
The source of data was also not uniform. Twenty-three studies expressed that its data
origin were general contractors, public databases, theses, and other public and private
organsations. General contractors and databases were the most commonly used data
sources, and 22 did not provide details about the source of data. Transparency in this
regard is an issue to improve in the research domain due to the fact that reliability of the
input data is crucial to achieve reliable results [10].

4.2.2. Qualitative Identification/Selection Approach

Selecting the initial parameters is a fundamental step in the modelling process. Shmueli
and Koppius [12] and Elmousalami [15] have identified the first of two phases as a qualita-
tive process in which combining domain knowledge, theory, and exploratory analysis is
fundamental to give grounds for the inclusion of inputs. The method to identify the poten-
tial parameters and the number of related studies is shown in Table 2, where 23 studies
identified potential parameters from literature reviews or/and expert knowledge, and six
used the researchers’ criteria. Two studies selected the parameters from the data available,
and the rest did not specify the process to select them. Notably, publications from jour-
nals provided initial parameters for the studies [53,54,60-64]. The compilation of expert
knowledge was realised by interviews and questionnaire surveys. Elaborated techniques to
acquire information, such as a Likert Scale, Delphi method, and Analytic Hierarchy Process,
are standard according to Elmousalami (2020), but only five studies implemented them.
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Table 2. Number of methods to identify the parameters.

Parameter Identification Method Number of Studies

Not mentioned 14
Literature review 10
Literature review and expert survey 9
Author criteria 6

Expert survey 4

From data available 2

Expert survey and MCA 1
Grand Total 46

The process followed in the studies to identify potential parameters can be improved
by the use of both expert knowledge and previous literature, in order to increase the
credibility of the outcomes and to improve the model’s performance. Predictive analytics is
a relatively new area of research that has evolved with the developments in informatics.
Therefore, its guidelines are still being tested, but robustness in research needs to be a
priority regardless of the innovations in technology. Secondly, experts in the area of cost
estimation and architects were surveyed, but developers” knowledge was considered only
in Stoy et al. [65], where the developers are the individuals making crucial decisions
regarding investment options in the early stages of projects.

4.2.3. Quantitative Identification/Selection Approach

Dimension reduction is a method within exploratory data analysis used to reduce the
number of parameters and to increase predictive accuracy [12,15]. In this regard, of the
46 studies, 27 utilised exploratory methods, used also to weight the parameters in the CBR
models [59,66-69]. Table 3 shows the optimization parameters methods reviewed and the
number of related studies. Nine of the studies implemented stepwise regression analysis.
Methods such as PCA, Correlation Analysis, and Factor Analysis are commonly used to
analyse cause—effect relationships, but these also provide a reduction in the number of
parameters to achieve more accurate models. Although the main objective of predictive
analytics is to produce models that forecast costs, the techniques used in the studies can
determine the strength of the relationship between parameters and also the relative strength
of its effect on the output. This information can serve decision-makers as guides in the
subsequent stages to optimise the building features in the design stage.

Table 3. Methods used to optimise the parameters.

Parameter Identification Method Studies Number of Studies
Stepwise Regression Analysis [52,55,70-76] 9
Principal Component Analysis [58,77,78] 3
Correlation Analysis [67,79,80] 3
ANOVA [50,65] 2
Genetic Algorithm [59,81] 2
Attribute Impact [66] 1
Shapley Additive Explanations [82] 1
MRA Standard Coefficients [69] 1
Analytic Hierarchy Process [53] 1
Boosting Regression Trees [83] 1
Rough Set [84] 1
Multifactor Evaluation [85] 1
Factor Analysis [54] 1
Decision Tree [68] 1
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4.2.4. Parameters Used

The size of the data has significant effects on the accuracy of the model. The more
extensive databases are, the less sample variance and model bias are obtained. In addition,
testing the modelling process requires the use of additional data. Shmueli and Koppius [12]
stated that guidelines to set the minimum data size are difficult to define, although a
commonly used rule of thumb of using 10 times the number of parameters is considered
reasonable in computer experiments [86]. Following this criterion, 19 of the 46 studies had
less than 10 data points per parameter, 24 had 10 or more data points per parameter, and
three did not mention the total number of datapoints. Meta-analysis was not performed in
this review, but the average MAPE of studies using 10 or more data points by parameter
was 7.6%. On the other hand, the studies using less than 10 data points per parameter
achieved 10.7% of average MAPE. This situation suggests that more extensive data relative
to the number of parameters may produce better results.

The studies considered different parameters for their models, classifying them as
quantitative and qualitative. Twenty-seven of the 46 studies (59%) provided the parameters
used in the models in the form of ranks. The different authors developed these lists with
the different methods from the quantitative approach and mean sensitivity ANN analyses
from the results of the modelling processes. The Borda—Kendall technique, was used to
synthesise the lists of the individual rankings into one aggregated ranking list. This method
was used to acquire a generic view of the relative importance of the parameters within
the studies.

For the calculation of the ranking of parameters the Borda rule represented as the
vector of weights:

w=mn-1,...,2,1), 1)

which applies to a set of complete or partial ranked lists of 1 alternatives where w; is
the weight attached to an alternative located at the ith rank in any given list. Then, the
cumulative score Cs for the ith alternative is given by:

Csi =) wij, 2

which is the weighted sum over all the lists, j, corresponding to the rank in each list for the
ith alternative [87].

In the study, 78 were the total alternative parameters n from 27 lists, so the parameters
in the first place of the lists had a score of 78, the ones in the second, a score of 77 and so
forth. Then, the sum of scores by parameter allowed to elaborate the rank.

Note that the ranking corresponds to data from different locations, and it would
require further examination to consider it a representative ranking of general buildings in
different locations.

The rank aggregation provided a rank of 78 parameters. The 10 parameters with the
highest scores are shown in Table 4. The Gross Floor Area (GFA) and the number of floors
are the two most important parameters, having scores significantly higher. The rest of
the parameters may not be the principal source of costs, but their consideration in the
cost models elaboration may increase their predictive power. Notably, the parameters of
foundation type, type of roof, structure type, and location are measured in categorical
scales. Therefore, the ability of predictive analytics to deal with categorical scales enhances
its usability for cost estimation.
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Table 4. Ranked parameters.

Parameter Rank Score

GFA 1 1301
Number of floors 2 1137
Foundation type 3 803
Number of units 4 647
Number of elevators 5 589
Type of roof 6 506
Structure type 7 434
Duration 8 373
Number of unit floor households 9 304
Location 10 299

4.3. Predictive Power

Predictive accuracy, also known as predictive power, is the model’s ability to elaborate
accurate predictions of new observations [12]. Two criteria need to be met for an adequate
test of predictive performance: assessment of the model’s accuracy using adequate predic-
tive measures, and determination of the appropriate validation method [12]. Root Mean
Square Error (RMSE), Mean Square Error (MSE), and MAPE were commonly used generic
predictive measures, but the first two are scale-dependent and should not be used when
comparing across datasets that have different scales [88]. MAPE, being scale-independent,
was an appropriate measurement to analyse the studies’ models under a standard accuracy
measurement. For the second criterion, the review synthesised the method of validation,
which defines how the data is partitioned and tested for accuracy. The following subsection
introduces accuracy measurements in the studies, followed by the validation methods.

4.3.1. Accuracy

The most critical feature of models for predicting events is its accuracy. It is fundamen-
tal, especially for decision-makers, when assessing investment opportunities with rather
limited information. The average accuracy error of all the models included was under
10%, with a standard deviation of 5%, as shown in Figure 4. The use of ANN resulted in a
slightly more dispersed distribution of the second and third quartile compared to MRA
and CBR, but its overall dispersion is smaller than MRA. On the other hand, CBR presented
the narrowest overall and second-third quartile distribution of MAPE, additionally, the
range position of the two quartiles and its mean are lower than those of ANN and CBR.
Although additional studies would deliver more substantial grounds to advocate for a
particular technique, the collected data suggest that the CBR technique tends to provide
higher accuracies than others. The MAPE of the overall models ranged between 2 and 21%,
with the second and third quartile between 5 and 13%, respectively. Considering that the
accuracy error in traditional cost estimation ranges from —15% to +25%, which, in absolute
terms, is 35%, the three techniques can perform significantly better, presenting errors under
21%, indicating that the absolute limit of 21% can serve as a baseline for an acceptance
range of error for building projects’ cost estimations in the early stages.

4.3.2. Validation

The method of validation in the studies was collected to assess the satisfaction of the
second criterion stated by [12]. As part of the modelling process exposed earlier, models
need an appropriate assessment of their accuracy using an independent data set. Forty-five
of the studies considered out-of-sample data for testing, and only Chan and Park [58]
did not specify whether a subset was set aside or not. Hold-out cross-validation, k-fold
cross-validation, and Leave One Out Cross Validation (LOOCV) were used on 33, eight,
and four studies, respectively. Two considerations were pondered to assess suitability of the
method used. First, for small samples, k-fold cross validation would be pertinent because
it should provide better estimates of accuracy according to [35]. A second consideration
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was extracted from Shmueli and Koppius [12], where a sample size of 213 data points was
considered small in the modeling process, and cross-validation was preferred to a simple
hold-out. Therefore, in this research the method of hold-out is considered appropriate for
samples of more than 213 data points. Accordingly, only 20 of the studies in this review
conducted appropriate validation methods utilizing cross-validation or hold-out for data
samples bigger than 213 data points, 22 studies did not implement the best validation
method, and four studies did not indicate the type of validation nor the sample size. These
results agree with Elfaki et al. [17] by evidencing a urgent need for standard validation
methods to determine the level of accuracy of models and ease the implementation of
predictive analytics.

25%

20%

15%
5%

0%

Total (46) ANN (22) MRA (10) CBR (12)

Figure 4. Box and whiskers chart of the average MAPE by technique.

4.4. Modelling Techniques

The five main techniques applied in the studies for the estimation of building con-
struction costs at the early stages were:

- Artificial Neural Networks (ANN);

- Case-Based Reasoning (CBR);

- Multiple Regression Analysis (MRA);
- Boosting Regression Trees (BRT); and
- Support Vector Machine (SVM).

ANN, CBR, and MRA were the predominant techniques used to elaborate the cost-
prediction models. ANNs were used in 48% of the studies, while MRA and CBR were used
in 22% and 26%, respectively. The other two techniques, BRT and SVM, represented only 4%
each. Three approaches were followed by the reviewed papers to evaluate the techniques.
The first approach used a single technique to develop a model, such as Chan and Park [58],
who proposed a technique based on Principal Component Analysis to identify the most
significant parameters to develop a linear function to model the costs of buildings. In the
second approach, the studies compared different alternatives to improve a single technique.
For example, Kim et al. [57] incorporated genetic algorithms to optimise the architecture of
the artificial neural network model, and Dogan et al. [59] used genetic algorithms in a case-
based model to determine the optimal weights of the case attributes. The third approach
considered the comparison of different techniques, e.g., Kim et al. [50] based its research
methodology comparing ANN, CBR, and MRA in cost modelling of buildings. Overall,
24% of the studies developed models without performing comparisons, 50% evaluated
alternatives enhancing a single technique, and 26% compared different techniques. The
studies comparing variations of one technique provided valuable outcomes regarding the
component on which technique has the potential to increase the accuracy of the models. The
areas to improve and the methods successfully used are shown in the following subsections.
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4.4.1. Artificial Neural Networks

In 22 studies, ANNs were considered the primary technique. Seven of the 22, compared
the ANN models with other techniques, such as MRA, CBR, and SVM. In six studies there
were no comparisons, and the main objective was only to introduce ANN as an accurate
technique for cost estimation. The comparisons between different ANNs were considered
in nine of the publications listed in Table 5, which shows that the improvements of the
models were achieved predominately by optimising the ANN architecture by different
techniques or methods. Generally, Genetic Algorithms (GA) were utilised to improve the
ANN architecture components. Kim et al. [52] optimised the number of neurons in the
hidden layer and the learning rate of the neural network. On the other hand, Elhag and
Boussabaine [48] compared two ANNSs, using 13 parameters and using only four.

Table 5. Improvements in ANN models from studies.

Author Year Model Component Improvement Technique or Method Used
Elhag and Boussabaine [48] 1998 Input parameters Inclusion of additional parameters
Kim et al. [52] 2004 ANN Architecture GA
Kim et al. [89] 2005 ANN Architecture GA
Cheng et al. [90] 2009 ANN Architecture FL/GA
Cheng et al. [56] 2010 ANN Architecture High Order NN/FL/GA
Sonmez [91] 2011 Input parameters/ ANN Architecture Bayesian regularisation/Bootstraps prediction intervals
Rafiei and Adeli [92] 2018 Model architecture DBM combination
Jumas et al. [93] 2018 Input parameters MRA
Badawy [94] 2020 Model architecture MRA combination

4.4.2. Case-Based Reasoning

From the 12 studies implementing CBR to model the costs of building projects, only
Kim et al. [72] conducted a comparison with a different technique—ANN. The 11 other
papers shown in Table 6 presented attribute weight and case similarity measures as the
primary concern at the time of developing improvements in CBR, utilising GA and MRA
to assign the optimum weight of the attributes.

Table 6. Improvements on CBR models from studies.

Model Component Technique or
Author Year Improvement Method Used
An, et al. [53] 2006 Attribute weighting Analytic Hierarchy Process (AHP)
Dogan et al. [59] 2006 Attribute weighting GA
Dogan et al. [68] 2008 Attribute weighting Decision Trees
Case Similarity Euclidean distance-based
Jietal. [81] 2011 Measurement similarity function
Attribute weighting GA
Jin et al. [69] 2012 Result error MRA-based revision method
Jietal [77] 2012 Case adaptation MRA
Jin et al. [75] 2014 Input parameters Inclusion of categorical attributes
Ahn et al. [66] 2014 Attribute weighting Attribute impact method
Euclidean distance
Case Similarity Mabhalanobis distance
Ahn etal. [67] 2017 Measurement Arithmetic summation
Fractional function
Ahn et al. [79] 2020 Input t GA
netak nput parameters Euclidean distance
. - GA
Jung et al. [95] 2020 Attribute weighting

Local search technique
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4.4.3. Multiple-Regression Analysis

The use of multiple-regression analysis as a primary technique was utilised in 10 of the
46 articles. Five of them did not create additional models to compare results. Sonmez [55]
and Dursun and Stoy [73] compared their accuracy with models developed with ANN, and
Lietal. [74] compared an MRA model with the Unit Area Cost method. Lowe et al. [52] and
Jietal. [71] utilised techniques of Stepwise Regression and Principal Component Analysis
to select the optimal parameters, respectively. Although MRA was not the most explored
technique by the studies, it can support other techniques and enhance their effectiveness,
e.g., it was used in CBR modelling to improve the adaptation capability [77]. Additionally,
MRA is a technique more accessible for cost-estimation practitioners because it has broadly
studied and implemented in statistics.

4.5. Benefits and Challenges

The commonly reported benefit in virtually all studies was the higher accuracy of the
models in comparison to the traditional cost estimation techniques. This benefit has not
been included in the benefits and challenges analysis because it was included in the Predic-
tive Power section, where it was quantitatively analysed. The next two most mentioned
benefits were (1) the suitability of the techniques for real practice, and (2) the possibility of
improvement by combining them with other techniques. Cheng et al. [56] concluded that
the techniques implemented were suitable for practice, where the authors highlighted that
the model can enhance the ability of designers, owners, and contractors in the decision-
making process leading to higher possibilities to achieve project success. Regarding the
improvement in the techniques, Sonmez [55] concluded that the simultaneous use of ANN
and MRA could provide satisfactory conceptual models.

Some authors of the publications have found limitations that make predictive analytics
in cost estimation an area still in development with drawbacks to address. The main chal-
lenges expressed were (1) the need for more data, (2) to generalise models towards location
and different project types, and (3) the improvement of attribute weighting. Predictive
analytics bases its performance on data. Therefore, it becomes essential for cost modelling
to have access to building-projects data. Models use input data to learn and larger data
sets would increase their performance [51]. Since construction is an economic activity, the
nature of competition does not incentivise sharing information because it is an element of
competitive advantage, but individual companies may be able to implement predictive
analytics by themselves. Ngo et al. [10] found that construction companies in Singapore
do have pertinent data to implement predictive analytics. In this sense, the availability of
data is a drawback in research, but, from the perspective of companies, it can be considered
as a benefit due to a large amount of data they store from previous projects in the form
of contract documents, schedules, drawings, specifications, and images. The second area
to overcome, according to researchers, is the need for generalisation about location and
typologies. Generalisation means an increase in the number of input parameters, and, there-
fore, more parameters require more data [86]. So, the increase in generalisation is strongly
related to the first challenge—data availability. The third challenge perceived in the studies
is the need to improve the techniques. The studies exposed that ANNs need improvement
in the methods to optimise the network architecture and CBR needs to address attribute
weighting, but other techniques not yet explored in the cost estimating of buildings may
provide alternatives that suit the particular circumstances of the estimation case.

5. Conclusions

Several emergent techniques from predictive analytics have become a major area for
researchers seeking to improve the practice of construction-cost estimation in the early
stages of projects. Advances in methodology and techniques have become available in the
last 20 years, but the explicit benefits and implications for cost-estimation practice have not
been sufficiently highlighted to ignite the uptake by the industry. As an initial stimulus for
the adoption, a systematic literature review was conducted in this study to investigate how
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predictive analytics can enhance early-stage cost estimation of buildings, resulting in three
main contributions to the body of research:

1.  An extensive database of 46 relevant publications on the use of predictive analytics
for construction-costs estimations at the early stages of the development process was
compiled and analysed;

2. Alarge number of cost-drivers were identified and ranked;

3. The various predictive analytics tools were compared to understand their applicability
and ability to predict construction costs at the early stages of the development process.

We found that previously published research identified structured processes to apply
predictive analytics on cost estimation, and that the accuracy of the models developed has
surpassed that of the traditional practices of building construction-cost estimation. Addi-
tionally, the practices for modelling costs with predictive analytics have been structured
and well documented. Three main implications can be drawn from this discussion:

1. Predictive analytics for cost-estimation research has not widely followed the best prac-
tices and standard methodologies. By following more strict parameters identification
methods, using better data and predictive power considerations, models would pro-
duce more reliable predictions. Methodologies to apply predictive analytics for cost
estimation have been recently standardised by Elmousalami [15] and Elfaki et al. [17];

2. The already accurate predictive analytics techniques investigated in previous studies
and the tested modelling methodologies represent the necessary evidence to lead
research into the next stage of progress, focusing on adoption and implementation of
predictive analytics by the industry;

3. The study serves as a reference for high-level decision-makers in organisations de-
veloping building projects, providing them with the incremental developments in
predictive analytics applications to promote a change of paradigm in the practice of
cost estimation.

Future research perspectives relate to implementation issues of predictive analytics in
cost estimation, focusing on investigating the current state of uptake in the industry, and
the necessary ground conditions in organisations to deploy them, such as necessary skills
of practitioners and decision-makers” awareness regarding the implications of predictive
analytics for construction project success. The main limitation possibly influencing the
results of the review was identified. There was a possibility of not having found all the
relevant papers due to the different words used to describe a concept within predictive
analytics in cost estimation. The implementation of backward and forward snowballing
contributed to addressing the first limitation identifying papers out of the search performed
using the search engines.
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Abstract: Predicting construction cost of rework (COR) allows for the advanced planning and
prompt implementation of appropriate countermeasures. Studies have addressed the causation and
different impacts of COR but have not yet developed the robust cost predictors required to detect rare
construction rework items with a high-cost impact. In this study, two ensemble learning methods
(soft and hard voting classifiers) are utilized for nonconformance construction reports (NCRs) and
compared with the literature on nine machine learning (ML) approaches. The ensemble voting
classifiers leverage the advantage of the ML approaches, creating a robust estimator that is responsive
to underrepresented high-cost impact classes. The results demonstrate the improved performance
of the adopted ensemble voting classifiers in terms of accuracy for different cost impact classes.
The developed COR impact predictor increases the reliability and accuracy of the cost estimation,
enabling dynamic cost variation analysis and thus improving cost-based decision making.

Keywords: construction rework; cost estimation; nonconformance report; voting classifier; ensemble
learning; machine learning

1. Introduction

A successful construction project is delivered on time and within budget, conforming
to the specified quality. To achieve this, potential construction errors and violations are
managed by applying an adequate construction quality management (CQM) system. An
indispensable procedure within CQM is quality control (QC), which involves ensuring
construction activity delivery at a specified standard, appraising its conformance, and
maintaining continuous quality improvement. In construction projects, the arrays of errors,
omissions, negligence, changes, failures, and violations resulting from poor management,
communication, and coordination, or the materialization of potential risks are solved
through rework. Thus, it is necessary to put in place a construction QC mechanism that not
only prevents the need for rework but also prepares for accepting, acting on, and coping
with required rework. Hence, the cost of rework (COR) is an inseparable component
of overall construction costs, and its reduction directly improves construction cost and
quality performance.

Although construction rework has been addressed in the literature, it remains a
widespread [1] and prevalent problem [2,3], and poses a real challenge [4-6]. Despite all the
advances in philosophies such as lean and total quality management (TQM) in preventing
construction errors, COR still accounts for a considerable portion of the total project
cost [2,7-9] and affects the construction schedule and quality [10]. Construction rework
directly impacts the contract value by 5% to 20% [2], which can lead to complete project
failure. Measuring COR enables the CQM system to control the construction budget and
improve cost performance while allowing construction professionals to better understand
the magnitude of the rework, its causes, and decisions on rework prevention measures [9].
Identifying the impact of COR and its sources enables reductions in the amount of rework
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and improvements in construction cost performance [11]. It is noteworthy that anticipating
COR facilitates the utilization of QC techniques, such as Pareto analysis and pie charts.
These QC techniques are dynamically used throughout the construction lifecycle to predict
the construction rework items with a high-cost impact, which, in turn, allows for the timely
adjustment of the associated construction schedule, budget, quality, human resources, and
communication plans for the appropriate countermeasures. It is also noteworthy that
obtaining COR is a key to understanding the cost of quality (COQ), i.e., the conformance
costs, and the nonconformance costs, also referred to as cost of poor quality (COPQ) [12].
The ability of construction firms to measure COQ is essential for their survival in today’s
competitive environment [13].

While the construction management literature agrees on the important contribution of
COR to total construction cost, it is not consistent with respect of the magnitude of COR’s
impact on overall construction cost, estimates of which vary between as much as 0.5%
and 20% of the overall contract value [14]. This range reduces the practicality of COR in
implementing effective countermeasures during the stages of a project. Additionally, in
practice, countermeasures should focus on the construction work items with the higher
impact on the total construction cost. It is not always feasible to implement preventive
countermeasures or rework management strategies for all rework items associated with
different construction activities. Evaluating the cost impact of construction rework supports
early decision making on high-impact nonconformance items. For example, ranking the
most impactful building defects offers construction companies insight for selecting the
most appropriate strategy to continuously improve their construction activities and in
turn to support sustainable decision making for the design and operation of buildings [15].
Furthermore, unless the COR for each construction activity is measured, it cannot be
compared with the cost of the associated prevention or control plan. COR influences the
construction budget, risk, and quality plans, which, in turn, affects the decision making
associated with other project management knowledge areas. In order to improve the
CQM, budget, and schedule plan, therefore, it is necessary to estimate the COR for each
construction activity. This increases the error preparedness of construction organizations,
which enhances decision-making resilience and plan accuracy while facilitating the prompt
implementation of appropriate countermeasures, and thus also allows for appropriate
contingency plans to be developed while helping the manager prevent later issues in other
construction project phases [16].

In this study, COR is predicted for the total construction cost, which is a critical
decision-making parameter. Experiments with advanced machine learning (ML) models,
such as the ensemble method for predicting construction cost and COR, are lacking in
the literature. Therefore, our work uses ensemble learning applied to the widely used
construction nonconformity reports (NCRs) to ensure the robustness of the created COR
predictor. As outlined in Figure 1, the main objective of this study is to assist construction
quality managers and cost managers in including COR in their evaluations of different
construction activities.

The remainder of this study is organized as follows. The next section discusses
construction rework and its impact on overall construction cost. In addition, ensemble
learning as a subdiscipline of ML is introduced, and, since the literature is limited to ML-
based COR estimators, the ML applications for CQM and cost estimation are reviewed.
The following section describes the NCRs obtained from different construction projects
in Turkey. Then, the adopted methodology and ensemble COR predictor details are
presented, and the benchmark ML predictor configuration is outlined. The next section
gives the results that were obtained and discusses the practical implementations of the COR
predictor that was developed and its contribution to the existing research on construction
management. Finally, a brief conclusion reviews the study findings.
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The rework cost has a high impact on the total construction cost. The case study findings in the
literature cannot be directly used for estimating the rework cost in other construction projects.
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Figure 1. Study outline.

2. Research Background
2.1. Construction Rework

The conventional construction rework procedure based on nonconformities raised
within the NCRs is outlined in Figure 2.
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Figure 2. Construction rework procedure outline.

Site accidents, errors, failures, and violations are all causes of delay in the construc-
tion schedule and increase costs. Subsequent issues are often raised during the quality
inspection of the construction activities performed, whereby the results are recorded in
NCRs. The raised nonconformity should be addressed by the contractor, mainly in the
form of rework. The topic of construction rework, including its causes, consequences, and
prevention measures, has been widely addressed [17-20] using different terms and interpre-
tations [9], such as quality deviation [21], construction nonconformance [22], defects [23],
quality failure [24], and rework [25]. These have all emphasized the importance of factoring
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in construction rework during the early stages of construction planning in order to mitigate
its consequences, which are mainly cost overruns.

2.2. The Cost Impact of Construction Rework

Despite the attention given to construction cost estimation in the previous research,
the prediction of construction cost overrun has received relatively little consideration [16].
Similarly, the estimation of cost overruns resulting from the cost of construction rework
has not been adequately addressed. Accordingly, the literature on estimating the cost
impact of COR is reviewed here, along with construction cost estimation methods within a
broader framework. The associated literature [13,26-28] has covered the broader topics of
COQ and COPQ. In the literature on CQM, Love and different co-authors have explored
construction quality from different perspectives, including construction error [29-33] and
rework management [32,34], its impact on construction safety [35-37], and cost [9,38].
Hall and Tomkins [39] included the prevention and appraisal costs required to achieve
a ‘complete” COQ for buildings in the UK, while Love and Li [40] extended their earlier
work on rework causation to quantify the magnitude of COR for Australian construction
projects [41].

The research agrees on the negative impact of COR on overall construction cost while
attaining varying impact percentages for this according to the demographics and types
of evaluated construction projects. Davis et al. [42] found the nonconformance cost to be
responsible for over 12% of the total contract value. Love [8,9], through a questionnaire
survey on different project types and procurement routes, identified the direct and indirect
impact of rework on total construction cost as being 26% and 52%, respectively. Rework
costs drag down construction productivity by damaging the associated plans related, for
example, to time, cost, and human resources, and this causes financial and reputation loss
for the project participants. Hwang et al. [11] evaluated the contribution of COR to the
total construction cost of 359 projects, along with its impact on both client and contractor.
They found that construction owners are absorbing twice as much impact from COR than
contractors. To reduce the magnitude of this problem, contractors often apply an internal
quality control and assurance system, and they also often implement proactive measures to
anticipate possible rework and associated costs.

In addition to the negative effects of construction rework, there is a possible positive
impact on the project cost and quality. Ye et al. [2] investigated 277 construction projects in
China to identify the main areas of rework and showed that active rework can improve
construction cost, time, and quality. This study further suggests that by implementing
a reward strategy and value management tools, required rework can be identified early,
enabling timely decision making about the rework, time, cost, and quality benefits for the
construction project. A statistical evaluation of 78 data points obtained from construction
professionals by Simpeh et al. [7] revealed a mean 5.12% contribution of COR to total
contract value and a 76% probability of exceeding its average value. This study also
found that rework prediction facilitates quantitative risk assessment and, subsequently,
the identification of alternative countermeasures for rework prevention. A more recent
study by Love and Smith [4] evaluated the literature and put the impact of COR at between
less than 1% and more than 20% of the total contract value. The literature is not consistent
in specifying the conditions according to which the impact of COR should be measured,
which hinders its practical implementation. The most recent study stated that the COR can
vary from 0.5% to 20% of the total contract value [14]. Thus, these studies have provided
in-depth investigations on the cost impact of rework, but they are not consistent when it
comes to the magnitude of that impact.

The literature on construction management has recorded different contribution per-
centages for the impact of COR on overall construction cost. Since studies are conducted
on projects of different size and type, and within different demographics, the cost impact
figures obtained cannot be directly extended to other projects. Although the literature
shows the importance of the early identification of COR for improving construction cost
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performance, the uncertainty about the magnitude of the impact hinders decision making
when selecting the most advantageous countermeasures. Moreover, it is necessary to reach
a different COR impact figure for each construction activity in order to prioritize activities
with a higher cost impact, since it is not always feasible to implement preventive counter-
measures or rework management strategies for all rework items. Furthermore, unless the
COR for each work item is measured, it cannot be compared with the rework prevention or
control cost.

Thus, to enhance the quality of decision making and quality planning, as well as to
increase the chance of construction project success, it is important to estimate the COR for
each work item. To translate the literature results on the impact of COR into the context of
different construction projects, ML offers a data-oriented solution that can be utilized in
different construction project contexts. ML approaches can predict COR by learning the
complex patterns within the quality dataset.

2.3. ML for Construction Cost Prediction

ML uses historical evidence to offer a reliable solution that facilitates informed decision
making. The literature on ML applications utilizing different types of datasets is growing
in various fields [43-56]. Different ML approaches, such as artificial neural network (ANN),
deep neural network (DNN), and support vector machine (SVM) are employed due to their
ability to understand the complicated, non-linear patterns of real-world datasets. In this
regard, the two ML approaches used for the cost estimation of construction projects were
ANN [57,58] and SVM [55,59]. Even though other ML approaches, such as k-nearest
neighbors (KNN) and decision trees (DT) share similarities with the ANN and SVM
algorithms, they have yet to be investigated in the construction management literature [48].
Overall, construction cost estimation studies of more advanced ML approaches are scarce.

The literature on construction quality has mostly focused on quality assurance and
quality control, using visual defect detection methodologies for a variety of tasks, including
crack identification [60,61], damage localization on wooden building elements [62], and
evaluation of pavement conditions [63]. ML approaches have also been used for the identi-
fication of rework or defect construction items. To this end, Fan [64] recently constructed
a hybrid ML model using association rule mining (ARM) and a Bayesian network (BN)
approach identify quality determinants and gain more effective evaluations of defect risk
and its occurrence. In a related study, Kim et al. [65] utilized SVM, random forest (RF), and
logistic regression (LR) along with three natural language processing (NLP) methods on
310,000 defect cases from South Korea to assign defect items to the appropriate repair task.
Shoar et al. [16] used RF to estimate the COR of engineering services in construction to be
used for devising appropriate contingency plans. Their study found using RF as a cost
estimator to be an efficient approach for screening and prioritizing from the standpoint
of cost overrun within construction projects, and that it can be used to devise related
contingency plans.

Regarding the present study, the most relevant study is that conducted by Dogan [66]
to predict the cost impact of construction nonconformities using case-based reasoning (CBR).
His results indicated that the ability of CBR to predict the cost impact of quality problems is
higher in construction NCRs. Reviewing the construction management literature, one may
say that the development of ML-based cost estimators is still at an early stage. There is a lack
of advanced ML approaches, such as ensemble learning methods. Although studies have
established the usefulness of these ML methods, they have not elaborated on the robustness
of the developed estimators, that is, on the ability to use the systems developed for other
datasets. Thus, there is a research gap in the implementation of advanced ML-based
techniques for predicting the COR associated with different construction activities.

2.4. Ensemble Learning

Single ML classifiers, such as SVM, KNN, NB, and DT, are trained with labeled datasets
through various approaches to predict an output label class. Ensemble classifiers, however,
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combine the best predictions of these single ML approaches to improve the final predic-
tion accuracy with improved stability and robustness [67]. The ensemble methods vary
according to how they combine the results of single ML classifiers, while their performance
depends on the number of individual members along with their prediction accuracy [67].
There are three popular ensemble techniques: (i) stacked, (ii) voting classifiers, and (iii)
tree-based. Kansara et al. [68] applied the stacked ensemble (XGBoost regression) and tree-
based ensemble (RF) approaches to improve the price prediction accuracy for real estate
datasets. However, stacked ensemble approaches have the disadvantages of additional
complexity and high computational time. Thus, they are feasible only when other ensemble
approaches are not applicable.

Overall, due to their improved accuracy [51,68,69], studies have adopted ensemble
learning methods for different prediction activities within different fields. Therefore,
ensemble predictors are expected to provide more accurate cost predictions. In addition,
the mechanism of the ensemble classifier benefits from both strong and weak predictors,
where the latter is used to improve the prediction of the underrepresented classes. The
literature on construction quality has still not matured with respect to cost estimation
using both single ML predictors and ensemble learning predictors. Furthermore, the COR
for different construction activities is not addressed in the construction quality literature.
Therefore, because of the superior performance of ensemble learning over single ML
models [51,68,69], this study adopts two such techniques, referred to as soft and hard voting
classifiers, and compares them with three conventional tree-based ensemble classifiers (RF,
gradient boosting (GB), and AdaBoosting (AB)) along with four single ML classifiers (DT,
naive Bayes (NB9), Logistic Regression (LR), and SVM). Accordingly, Figure 3 presents
a simplified form of the procedure for the hard and soft voting classifiers adopted in
this study.
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Figure 3. Simplified hard and soft voting COR classifiers.

As shown in Figure 3, each single classifier (ML 1-3) is referred to as a member that
predicts an output class label, referred to as a vote. The hard voting classifier selects the
label voted for by the majority of the members. The hard voting ensemble classifier uses
the average of the predicted probabilities of all the members. For example, in Figure 3, ML
1 and ML 2 both classify the impact of COR as two, while ML 3 classifies it as three, so the
hard voting model predicts the COR impact as two. Soft voting is less straightforward,
since it uses the probability of each of the five classes and finds the average probability of
all the classifiers within each class to select the final label. Voting classifiers can benefit from
the voting of both single and ensemble classifiers. Tree-based ensemble approaches, such as
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Frequency

GB and AB, have been utilized to predict the rental price of apartments, showing better pre-
diction accuracy than single ML approaches [69]. In addition to voting classifiers, bagging
and boosting tree-based ensemble approaches are experimented with in this study. Figure 4
outlines the bagging and boosting mechanism within the tree-based ensemble approaches.

Figure 4. Simplified RF and boosting (AB and GB) ensemble mechanisms.

The bagging (i.e., RF) and boosting (i.e., AB and GB) mechanisms are the main en-
semble approaches used within tree-based ensemble models, taking advantage of the best
predictions of single DTs.

3. Data Description from Construction Nonconformance Report

This study uses the nonconformance items from diverse construction projects under-
taken by international construction companies, collected in a study by Dogan [66] in 2021.
The dataset comprises 2527 nonconformance items recorded by inspecting the different
activities throughout the construction phase. A histogram associated with the construction
activities and the frequency of recorded nonconformity is given in Figure 5, with activi-
ties having less than 20 occurrences aggregated under the ‘other project activities” group.
The collected nonconformance items were assigned to the different causation attributes
through interviews.

373630 23 23 20 20 20

PAl PA2 PA3 PA4 PAS PAG PA7 PAB PA9 PAIOPAILI PAI2Z PA13 PA14 PAIS PA16 PA1T7 PA18 PA19 PA20
Construction activities with non-conformity

Figure 5. Details of construction activities registered in the NCRs.
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Since the dataset was collected during the construction phases, attributes related to
the pre-construction, design, and tendering phases, such as those related to clients and
subcontractors, are omitted. The obtained NCR dataset is described using the stacked
histogram, which details different construction project types. The NCRs include details
of the causation of each recorded item, divided into material, design, operation, and
construction causation. In addition, the cost impact of COR (y) is assigned as an output
feature column. This assigns each input feature a cost impact of between one and five,
corresponding to very low (VL), low (L), medium (M), high (H), and very high (VH).

In addition, the output cost impact is recategorized into three, four and five cost
impact classes to evaluate the class prediction accuracy of the adopted ensemble approaches
(Figure 6).

¢ 5-level = 4-level = 3-level

5-level :
L.

v

Figure 6. Cost impact classes.

As Figure 6 shows, critical nonconformance items with high-cost impact classes are
underrepresented, there being few records of these compared with lower impact cost
classes. Figure 7 shows the frequency of material-related nonconformance attributes used
in this study. The observations from Figure 6 highlight the class imbalance among the
different cost impact groups. The ability of ML to represent the under-represented cost
impact classes is reduced.

300 ID  Description of material related nonconformities
M-1  Unproper storage of materials
250 M-2  Incorreet or defective material usage mM-1
M-3  Procurement of incorrect material
200 M-4  Damaged material usage = M-2
150 M-5  Expired material usage mM-3

M-6  Damaging material during transportation/loading
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' . u M-6

0 . | —m i R
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Figure 7. Material-related nonconformance attributes.

Furthermore, as shown in Figure 7, the collected NCRs also include the stage at which
the nonconformance issue was initiated. Thus, each nonconformance attribute is linked to
installation, documentation, material, or process damage. For example, 10 nonconformance
issues with a cost impact of three are recorded as caused by damaged material usage
(M-4), where the damage is initiated at the installation stage. Likewise, Figure 8 shows the
nonconformity attributes related to design and operation. The design-related attributes
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recorded during the construction phase are limited because the collected NCRs were only
gathered from the construction site.
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Figure 8. Design- and operation-related nonconformance attributes.

As Figure 8 shows, the design-related nonconformance attributes mostly occurred
during the processing stage, while the operation-related issues were mostly associated
with a lack of supervision (O-4) during the installation phase. As this study uses NCRs
from construction sites, the frequency of nonconformances within the installation stage
significantly increases in construction-related attributes (Figure 9).
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Figure 9. Construction-related nonconformance attributes.

4. Methodology

This study adopts ensemble ML classifiers to determine the impact of COR on overall
project cost. The methodology is outlined in Figure 10.
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Figure 10. COR classifier methodology.

The methodology described was implemented within the Python programming en-
vironment. Most of the data preprocessing, analysis, and associated ML configuration
was performed with widely used libraries, such as the Pandas [70], NumPy [70], and
Scikit-Learn [71,72] packages. The nonconformance dataset was utilized with an ensemble
classifier to predict the impact of COR on overall construction cost, while the results were
compared with the single ML predictors.

4.1. Data Preprocessing

The dataset (D) was obtained from the construction NCRs with 39 feature columns
and 2527 rows (Equation (1)):

D = {x1, x2, ..., x31, x32, ..., x36,x37,x38, y} (1)

The material-, design-, operation-, and construction-related nonconformity items were
used as 31 binary input feature columns. The project types were presented by five binary
columns (x32 — x36), associated with industrial, hospital, high-rise, housing, and other
building construction types. The NCR type column that shows the initiation area of the
recorded nonconformity item was used as another input feature (x37) with four categories:
installation, documentation, material inspection, and processes. To translate each category
into the ML language, the dummy encoding method was used, which converts the NCR
type into four columns, each showing a single category with either zero or one. For example,
{1,0,0,0} shows the NCR type as installation, while {0,0,1,0} stands for material NCR
type. In addition, the construction activity associated with each nonconformance item was
used as a categorical input column (x38) with 20 categories, as depicted in Figure 5. Again,
dummy encoding was used to translate the construction activity into binary format, this
time within 20 feature columns. This resulted in an encoded dataset with 61 columns and
2527 nonconformance rows. Finally, 70% of the dataset was used for training and the rest
(30%) was kept for performance evaluation.

4.2. Configuring Voting Classifiers

There is a wide range of single and ensemble ML algorithms that voting classifiers can
use for a given prediction. This study explores different single and ensemble ML methods
used in the literature to reach the best combination for the given study (Figure 11).
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Figure 11. Configuration of soft and hard voting classifiers.

This study aimed at developing a COR impact predictor that achieves good prediction
accuracy with simple implementation. Therefore, dimension reduction, class imbalances,
and optimization techniques were not used to ascertain the best hyperparameters. Instead,
the layers of different ML approaches were placed within a voting classifier and, based on
the observed performance, a final voting classifier was configured with fewer ML members
to accelerate the training procedure. The compulsory parameters, including the number of
estimators (for RF, AB, and GB) and the number of neighbors (for KNN), were set roughly
close to the benchmark models, while the other options were left as default. Although
feature engineering and optimization techniques would have improved the performance of
the ensemble predictor, their implementation was beyond the scope of the present study.

The radial basis function (RBF) was used as the SVM kernel while enabling a balanced
class weight option. KNN was trained with 23 neighbors. The LR was adjusted with a
LIBLINEAR optimizer and an 11 regularization. To ensure the creation of a weak learner,
NB was used in its default form. The number of estimators for AB and RF was adjusted
to 300 trees. The GB used 100 estimators while its learning rate was customized at 0.1.
Afterwards, in order to reduce computational cost, the number of voting classifier members
was reduced to three. In this respect, two strong learners were combined with a weak
learner to simultaneously ensure accuracy and the elimination of bias. Combining strong
and weak ML learners enhances the prediction accuracy of models for different rework cost
impact classes while boosting the model’s overall performance in terms of generalization
ability and computational cost. Therefore, LR and KNN were used as strong learners, while
NB was used as a weak learner for both the soft and hard voting classifiers.

4.3. Configuring Benchmark Classifiers

Unlike the voting classifiers, which were configured without any particular attention
to the fine-tuning of their hyperparameters, each of the benchmark ML approaches was
specifically fine-tuned to ensure a fair comparison between the ensemble voting classifiers
and single ML predictions (Table 1).
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Table 1. Hyperparameters of benchmark COR classifiers.

ML Hyperparameters Iterated Values Selected Value
KNN Number of neighbors (2,25) 23
Optimizer LIBLINEAR LIBLINEAR
LR
Regularization L1 L1
L2
Kernel RBF RBF
C 1,5,10,15 15
SVM Gamma 0.0001, 0.0005, 0.001, and 0.005 0.005
Class weight Imbalanced Balanced Balanced
Number of features 1589 15
bt Tree depth (1-37) 3
RF Number of trees 50, 100, 150, 200, 300, 400 300
115, 125, 135, 145, 155, 165, 175,
RF (ET) Number of trees 180, 185, 190, 195, 205 145
Number of estimators (trees) 10, 20, 30, 40, 50, 60, 70, 80, 90, 100 10
GB Learning rate 0.1, 0.01, 0.001 0.1
Number of estimators (trees) 100, 150, 200 100
AB Learning rate 0.01, 0.001 0.1

4.4. Evaluation Metrics

The prediction performance of the OCR impact predictors was evaluated using con-
ventional accuracy, precision, accuracy, and F1 scores. For this, the number of correct
predictions of each cost class (true positive (TP)) and correct assignments of the sample to
the rest of the subclasses (true negative (TN)) was obtained. Likewise, the incorrect predic-
tions within each subclass (false positive (FP), and false negative (FN)) were also recorded.
Accuracy, F1 scores, precision, and recall [73] were obtained using Equations (2)—(5).

Accuracy = TP+ TN (2)
Y= TP+ TIN+FP+FN
2 x (Precision x Recall)
F1 =
score Precision + Recall ®
classes
classes T p.
Percsionyuiticlass = 1217271 “4)
L TP, + FP;
Zgﬁzsses TP
RecallMulticlass = L2 : ®)

L TP, + FN;

Accuracy did not provide a satisfactory evaluation for an imbalanced dataset as it
does not consider FP and FN. Thus, the F1 score was preferred for the imbalanced dataset
as it combines precision and recall. However, for a reliable COR predictor, the accuracy of
the subclasses also needed to be evaluated.

5. Results and Discussion

The prediction performance of the soft and hard voting classifiers along with the
benchmark ML approaches are shown in Table 2.
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Table 2. COR prediction performance results.

ML Type OCR Classifier Accuracy Precision Recall F1 Score
5-level 0.59 0.49 0.51 0.59
Hard voting 4-level 0.59 0.52 0.5 0.59
. 3-level 0.61 0.54 0.53 0.61
Ensemble ML (voting) 5-level 0.54 0.51 0.48 0.54
Soft voting 4-level 0.53 0.71 0.48 0.53
3-level 0.5 0.57 0.51 0.5
5-level 0.6 0.48 0.5 0.6
KNN 4-level 0.61 0.55 0.55 0.61
3-level 0.59 0.54 0.55 0.59
5-level 0.61 0.47 0.5 0.61
LR (Ir) 4-level 0.62 0.53 0.52 0.62
3-level 0.62 0.54 0.53 0.62
5-level 0.55 0.43 0.48 0.55
LR (11) 4-level 0.56 0.44 0.48 0.56
3-level 0.6 0.56 0.55 0.6
5-level 0.63 0.52 0.56 0.63
Single ML LR (12) 4-level 0.61 0.52 0.54 0.61
3-level 0.62 0.49 0.49 0.62
5-level 0.38 0.55 0.44 0.38
SVM 4-level 0.42 0.55 0.47 0.42
3-level 0.43 0.55 0.47 0.43
5-level 0.38 0.55 0.44 0.38
DT 4-level 0.62 0.49 0.48 0.62
3-level 0.63 0.71 0.49 0.63
5-level 0.09 0.49 0.12 0.09
NB 4-level 0.09 0.6 0.09 0.09
3-level 0.35 0.58 0.33 0.35
5-level 0.62 0.61 0.61 0.62
RF 4-level 0.57 0.51 0.52 0.57
3-level 0.57 0.48 0.51 0.57
5-level 0.56 0.47 0.5 0.56
RF (ET) 4-level 0.57 0.48 0.51 0.57
Ensemble ML 3-level 0.57 0.51 0.53 0.57
(tree-based) 5-level 0.63 0.62 0.55 0.63
GB 4-level 0.63 0.46 0.49 0.63
3-level 0.62 0.39 0.48 0.62
5-level 0.62 0.38 0.47 0.62
AB 4-level 0.62 0.45 0.48 0.62
3-level 0.62 0.45 0.49 0.62

As Table 2 shows, LR outperformed all predictors in terms of F1 score for the five-
level cost impact prediction. Additionally, DT and GB displayed better F1 scores for the
three- and four-level COR impact predictions. However, the accuracy and F1 scores can be
misleading when working with an imbalanced dataset, so to investigate the practicality
of the predictors, their ability in predicting each cost impact class needs to be investi-
gated. This is best achieved by measuring the F1 score of each of the cost impact classes.
Figure 12 presents the prediction performances of the best-performing classifiers within
the benchmark model with the hard and soft voting classifiers.
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Figure 12. Prediction performance of 5-level classifiers.

As Figure 12 shows, both the soft and the hard voting classifiers were able to detect
the high-cost impact items with only a 4% occurrence (support = 23). Among the COR
classifiers, however, only one soft voting classifier detected the rework with a cost impact
of five (VH) with a low occurrence of 1% (support = five).

A high accuracy with DT was only associated with nonconformance items with a very
low cost impact, and it performed poorly for other underrepresented but more important
cost impact classes (Figure 13). Likewise, voting classifiers exhibited better performance
for medium- and high-impact cost estimation compared with GB, which completely failed
to predict COR with a medium impact (Figure 14). Despite its poor class performance in
the four-level classification, RF resulted in the best prediction for high-impact COR items
without sacrificing overall accuracy. On the other hand, the soft voting classifier proved to
be consistent in its precision accuracy for different classification levels.
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Figure 13. Prediction performance in 4-level classifiers.
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Figure 14. Prediction performance in 3-level classifiers.
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To achieve a robust COR predictor, it is important to evaluate the ability of ML to
solve the problem. Most single and tree-based ensemble ML predictors failed to estimate
COR with high (four) or very high (five) impacts. The superior accuracy of benchmark
ML approaches is due to their predicting low-cost impact rework items. However, they
are incapable of predicting high-impact cost items. The prediction of low-cost impact
rework items cannot reduce the deviation between the as-planned and as-built costs. On
the other hand, voting classifiers are more successful in predicting high-impact COR items.
The soft voting classifiers were the most robust for COR, displaying a significantly good
performance in detecting underrepresented cost impact classes.

To better illustrate the practical implementation of the model, a trained soft voting
classifier was used to predict an unseen user input from the test dataset. For example, the
user may want to evaluate the material-related nonconformities of a high-rise building
project using the available construction team status report and site conditions. The user
defines a scenario in which negligence in the initial material inspection due to a lack of site
supervision (O-4) results in the receipt of defective material (M-2) from the supplier. The
defective material, accompanied by an insufficient review of the design documents (C-15),
causes a deviation from the design (C-3). Thus, with respect to the scenario specified by
the user, the system can predict the cost impacts of different construction activities under
a user-defined scenario. Once the user specifies different activities, such as the facade
works (ceramic, coating, insulation, etc.), the system uses the trained soft voting classifier to
evaluate its impact on the overall construction cost. In this example, the soft voting classifier
can accurately predict a cost impact of three (medium) on the overall construction cost.

6. Contribution to the Body of Knowledge

Despite its importance, construction organizations are rarely aware of the rework
impact on their budgets and on safe and environmental performances [34]. Small-sized
construction companies still do not appreciate the magnitude of profit loss due to poor
quality as they do not usually allocate CQM within a budget [13]. CQM and QC are
not limited to error and violation prevention measures, but can also contribute to coping
strategies, such as planning alternative countermeasures. The ability to predict COR allows
for timely decision making for the required countermeasures, which can also improve
the construction time, cost, and quality performance [2]. If a construction budget cannot
sustain COR, it is hard to correct a construction error.

In this context, an ensemble COR predictor allows for dynamic and fast cost impact
estimations throughout a project and offers more reliable cost impact estimations than the
existing, single ML approaches. This is especially useful for cost variation and content
analysis using Pareto and pie chart techniques. Throughout the construction lifecycle, the
accumulation of project experiences adds to the knowledge of the ensemble models, which
can further enhance their cost impact prediction accuracy and thus facilitate enhanced
strategic planning by prioritizing the quality control items with the greatest cost impact.
Therefore, the proposed COR impact estimator can enhance decision making and the asso-
ciated planning for construction professionals. Specifically, relationship-style construction
contracting models, such as alliance contracts, incorporate an element of error though
procuring the construction project under a ‘no blame, no fault” culture.

Generally, estimating COR improves cost, schedule, and resource-allocation planning,
enhances the creation of the associated contingency plans [16], and also increases the
visibility of the expected failure scenarios when purchasing the rework insurance, which
is usually added to the general liability policy. This study has focused on estimating the
impact of COR on overall construction cost, so the ability of ensemble construction cost
predictors to improve the cost impact estimation in these areas remains to be addressed
in future research. From a technical perspective, the ensemble method adopted needs to
be further improved using different engineering features and optimization techniques to
enhance the model prediction accuracy, especially for the underrepresented cost classes.
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7. Conclusions

The early estimation of COR offers several benefits for construction professionals in
terms of increasing the preparedness of the construction budget for dealing with risk (i.e.,
COR). On the one hand, the construction quality management literature is still limited with
regard to the ML-based COR predictors, while on the other hand, the developed single ML
predictors within the other cost estimation fields are not responsive for underrepresented
classes with limited data records. However, a COR predictor does not solve this problem
unless it can predict all the cost impact classes. Therefore, this study has proposed a robust
ensemble ML predictor for estimating the cost of construction rework.

The adopted ensemble voting classifiers proved to be more effective in predicting
the underrepresented high-cost impact construction rework activities than the benchmark
models. Both single ML and tree-based predictors failed to estimate COR with (very) high-
cost impacts on overall construction budgets. Additionally, the soft voting classifier proved
to be consistent in the accuracy of its prediction outcomes and was able to classify all the
different COR impacts for three-, four-, and five-level classification tasks. The developed
COR impact predictor increases the reliability and accuracy of the cost impact estimation,
which, in turn, enables dynamic cost variation analysis and thus improves cost-based
decision making.

COR has many undesirable effects, from cost fluctuations to the waste of material and
labor and equipment hours. Ultimately, it is one of the crucial aspects of sustainability in
construction. Thus, the early identification of high-cost impact rework items allows for a
focus on countermeasures to prevent critical rework items. This in turn reduces the waste
in construction flow, time, and material consumption while enhancing the different aspects
of project performance, such as budget and quality performance. Finally, the discussed
aspects of the project improve its overall sustainability level in terms of quality, economy,
and waste criteria. Therefore, we recommend the further exploration of the use of different
ML methods to predict and reduce COR.
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Abstract: In the project-based construction industry, organizations build collaborative relationships
through specific projects. The owners and contractors who are the key project stakeholders have
gradually formed a complex project-based industry-level collaborative network in many different
projects, closely related to knowledge exchange and industry development. Based on the data set of
the National Quality Engineering Award (NQEA) projects in China from 2013 to 2021, we empirically
analyze the characteristics and evolution of project-based collaborative networks between owners
and contractors in the construction industry by using social network analysis (SNA) and network
motif analysis (NMA) method. The results show that (1) the owner—contractor collaborative network
exhibits small-world network characteristics. The island effect caused by small groups in the network
makes the overall connectivity of the network low. During the study period, the collaborative
network became more compact. (2) State-owned construction companies, such as China Construction
Third Engineering Bureau Corporation Limited, China Construction Eighth Engineering Bureau
Corporation Limited, and China Construction Second Engineering Bureau Corporation Limited,
with high degree centrality and betweenness centrality, are the core companies in the collaborative
network. In China, state-owned construction enterprises are favored by owners and have established
collaborative relationships with many owners and contractors. (3) There are two local collaborative
patterns in the collaborative network: motif and anti-motif. Motifs include some triangle-based tight
collaborative patterns, while anti-motifs involve some loose binary collaborative patterns. The results
help understand the structure and evolution of the industry-level collaborative relationship network
between owners and contractors and can provide references for owners and contractors to develop
relationship cultivation strategies more effectively.

Keywords: social network analysis (SNA); network motif analysis (NMA); collaborative relationship;
owner; contractor

1. Introduction

The construction industry is a project-based industry. Construction projects are com-
plex and usually involve multiple stakeholders. Among them, the project owner is the
initiator of the construction project, and the contractor undertakes the construction tasks
of the project [1,2]. The owner and the contractor collaborate on a specific project, and
the collaborative relationship between them is essential to the success of the construction
activity [3,4]. Due to the temporary nature of construction projects, an owner or a contractor
constantly develops new collaborative relationships with new owners or contractors in
new projects. The number of construction projects in China has grown substantially over
the past decade. The contract value of new projects in 2021 was USD 5.12 trillion, three
times that of 2011 [5]. The massive increase in the number of projects has involved more
and more owners and contractors. Lee et al. [6] believed that owners and contractors had
gradually formed a complex collaborative relationship network based on their intertwined
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collaboration in different projects. An organization’s position in this collaborative network
reflects its competitiveness in the construction market and its influence on the industry and
determines its ability to access external resources and information [3,7].

As new projects are implemented, new participants and relationships are continuously
embedded into the network. Therefore, the collaborative relationship network is dynamic,
and this change will affect the exchange of information between owners and contractors
and their future collaborative relationships [8,9]. According to the Industrial Marketing and
Procurement (IMP) group, organizations should build long-term collaborative relationships
to achieve mutual benefits and enhance competitiveness [10]. Studying the characteristics
and evolution of the relationship network formed by owners and contractors in a certain
period from a dynamic perspective helps understand their collaboration mechanism and
the change of an organization’s position in the construction market to provide a basis for
formulating future collaboration strategies.

However, previous studies mainly focused on the one-time and short-term collabo-
rative relationship between owners and contractors in particular projects [11,12]. There
is a lack of industry-level exploration of the structural characteristics and evolution of
the collaborative networks formed by numerous owners and contractors when they are
involved in different projects. Although some studies on collaborative networks formed
by different types of stakeholders in various projects involved owners and contractors,
they focused on specific types of projects, such as skyscraper projects, BIM projects, and
green building projects [13-15]. In fact, owners and contractors have formed intricate
collaborative relationships based on their involvement in different types of construction
projects. Studies based on broader boundaries can provide a more comprehensive insight
into their collaboration.

Collaborative relationship network analysis is the foundation of organizational net-
work governance, which is a long-term, selective, structured, and autonomous collection
of organizations [16,17]. Unlike an organization concerned with maximizing its interests,
organizational network governance focuses on the interactions between organizations and
their performance in the network. Social network analysis (SNA) is a commonly used
method to explore the macro-structural features of complex collaborative networks [18].
Meanwhile, the network motif analysis (NMA) method can be applied to analyze the
local topology and micro-structural features of collaborative networks [19]. To bridge the
knowledge gap in industry-level owner—contractor collaborative network research, we
combined SNA and NMA to study the structural characteristics and dynamic evolution of
the collaborative networks, which were established based on thousands of collaborative
relationships among owners and contractors in the construction projects that won China’s
National Quality Engineering Award (NQEA) from 2013 to 2021.

This study aims to characterize the macro-structure and micro-structure of the col-
laborative networks formed by numerous owners and contractors involved in different
projects and how they evolved over time by using the data of NQEA projects in China and
combining SNA and NMA methods in order to help owners and contractors clarify their
position in the partnership network and provide a reference for them to formulate future
relationship cultivation strategies. The remainder of this study is organized as follows.
In Section 2, the literature on the owner—contractor relationship and the collaborative
network analysis in the construction field are reviewed. Section 3 presents the research
methodology, and Section 4 explains the analytical procedures and data collection. In
Section 5, the characteristics and evolution of the collaborative network formed by owners
and contractors are analyzed based on SNA and NMA, followed by a discussion and some
managerial implications.
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2. Literature Review
2.1. Owner—Contractor Relationships

The collaborative relationship between owners and contractors affects the implemen-
tation of construction projects. Previous studies have analyzed the relationship between
the owner and the contractor from three aspects.

First, some scholars explored the owner—contractor relationship in different delivery
systems adopted for construction projects. For example, Li and Feng [20] explored the
strategies for enhancing the trust relationship between owners and contractors in project
management contracting (PMC) projects. Sun et al. [21] argued that effective collaboration
between owners and general contractors improved the level of BIM adoption in engineering,
procurement, and construction (EPC) projects. Collecting questionnaires from 243 Chinese
project professionals, Zhang et al. [22] demonstrated that the level of design provided by
the owner had an impact on the quality of the contractor’s design in the design—build
(DB) projects.

Second, some scholars explored the factors that influenced collaborative relationships
between owners and contractors. For example, Suprapto et al. [23] revealed that relational
attitudes, collaborative practices, and teams’ joint capability influenced the collaborative
relationship between the owner and the contractor. Jiang et al. [24] found that reputation,
competence, honesty, communication, reciprocity, and contracts effectively influenced the
establishment of trust relationship between owners and contractors. Zhang and Qian [25]
analyzed how the mediated power influenced opportunism in owner—contractor relation-
ships. Tai et al. [26] analyzed the factors influencing owners’ trust in contractors in construc-
tion projects. Suprapto et al. [27] found that shared team responsibility, execution-focused
teams, common capability and structures, and senior leadership pair can be effective in
improving the relationship between owners and contractors.

Finally, the interaction mechanism between the owner and the contractor is also one
of the research focuses. For example, Zhang et al. [28] discussed the combined influence of
the owner’s power and contractual mechanism on the behavior of contractors in China.
Qian et al. [29] emphasized that there is both cooperation and competition in the relationship
between the owner and the contractor and that when the two are balanced against each
other, greater value can be created in the project for maximum benefit. Based on a contract
management perspective, Nasir and Hadikusumo [30] developed an integrated model to
manage the relationship between the owner and the contractor. Zhao et al. [31] believed
that there was a strong reciprocity relationship between the owner and the contractor, and
the parties accepted and maintained specific cooperation.

Although previous studies support understanding the collaborative mechanism be-
tween the owner and the contractor, their relationships were typically regarded as a binary
structure or explored in the context of a specific project. A construction project is imple-
mented by a temporary organizational alliance, which forms a temporary collaborative
network [32]. The owners and contractors are constantly expanding into new project-based
partnerships as they engage in new projects. From an industry perspective, they gradually
form a long-term organizational network with a specific structure in project-based collab-
oration [33]. Project-based industry-level collaborative networks are more complex and
dynamic than project-level networks, which characterize collaborative relationships within
a single project. Analysis of project-based industry-level collaborative networks not only
helps to understand an organization’s position in the industry and its competitiveness in
the construction market, but also reveal the organization’s collaboration preferences, which
can provide a basis for the organization to choose partners [34,35]. However, there is still
a lack of research on the characteristics of owner—contractor industry-level collaborative
relationship networks and the evolution of the network structures.

2.2. Collaborative Network Analysis in the Construction Field

In today’s business environment, collaboration is seen as a way for organizations to
acquire new business opportunities and facilitate the formation of a networked society [36].
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Organizations can improve their market competitiveness by strengthening their position
in the network [9]. As a result, the strategic focus of organizations has shifted from
focusing solely on their operational performance to network-based collaboration and
competition [37,38]. It is increasingly important to understand the relationship structure of
the collaboration network and the position of the organization in the network.

Some scholars have adopted the social network analysis (SNA) method to study the
collaborative network in the construction field from the industry perspective. The collabo-
rative network formed by multiple different types of stakeholders is one of the research
focuses. For example, Han et al. [13] studied the structural characteristics of the collabora-
tion network formed by different owners, general contractors, design firms, and project
managers involved in 422 skyscraper projects worldwide from 1990 to 2010. Tang et al. [14]
explored the collaborative relationship network formed by owners, design consultants,
and major contractors in Hong Kong’s BIM projects from 2002 to 2017. Qiang et al. [15]
explored how the collaborative networks formed by owners, contractors, and designers
in the implementation of multiple green building projects evolve over time based on the
SNA method. In addition, some scholars have studied the collaborative network formed
by one or two kinds of stakeholders (such as the contractor-subcontractor collaboration
network and the contractor—contractor collaboration network). For example, Tang et al. [35]
studied the collaborative relationship between contractors and subcontractors in China’s
construction industry based on the data set of projects that won the China Construction
Engineering Luban Prize, and the results provided a reference for contractors to choose
subcontractors. Akgul et al. [39] used the SNA method to investigate the collaborative rela-
tionship of contractors in Turkey while participating in overseas projects based on the data
from 449 projects in 46 countries. Liu et al. [40] used some indicators of the SNA method to
characterize the collaborative network among contractors in China’s construction industry.
Liu et al. [41] analyzed the characteristics of the collaborative network among China’s
construction firms using the SNA method based on 251 international construction projects
constructed by China’s 156 construction firms in cooperation. Park et al. [42] investigated
the collaborative networks of Korean construction firms formed in 389 overseas projects
using the SNA method.

The above studies used the SNA method to describe the complex relationship and
macro-structure characteristics of the collaborative network in the construction field.
The research results can clarify the organization’s influence in the owner—contractor collabo-
rative network and provide a reference for organizations to develop cooperation strategies.
The existing research mainly focuses on contractor-subcontractor collaborative networks,
contractor—contractor collaborative networks, and collaborative networks among multiple
types of stakeholders. The owner and the contractor are the main stakeholders in the
construction project. They gradually form a certain relationship network by participating
in multiple projects. Understanding the characteristics of the relationship network between
the two is helpful for the owner to select contractors and the contractor’s bidding decision.
Although previous studies on collaborative networks of multiple types of stakeholders
involved owners and contractors, they focused on a specific project type. At present, there is
still a lack of research on the relationship network of owners and contractors at the industry
level based on extensive project data. Moreover, the collaborative networks studies based
on SNA focus on exploring the macro-structural features of the network but cannot reveal
the local patterns of collaboration.

To explore the micro-structure of complex networks more deeply, researchers shift
their attention from focusing on the global properties of the network to local properties.
Milo et al. [43] proposed network motifs to reflect a particular local pattern of network
interactions, providing new insights for understanding the network structure and relational
characteristics. Network motif analyses (NMA) have been applied to explore biochemical
networks, ecological networks, neurobiological networks, traffic networks, and energy
networks [44—47]. There are also a few scholars who use it to explore the local structural
characteristics in organizational networks [48]. It would be meaningful and interesting to
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explore the local relationship patterns of owner—contractor collaboration networks based
on the method of NMA to discover the evolution of their collaborative patterns from a local
network perspective. The introduction of NMA can overcome the limitation of SNA, which
focuses on exploring the macro-structure characteristics of the network rather than the local
properties. Therefore, we will combine SNA and NMA to analyze the owner—contractor
collaboration network and to reveal the characteristics and evolution of the macro-structure
of the overall network and the micro-structure of the local network.

3. Methods

The collaborative relationship between owners and contractors based on different
projects involves a complex network connecting different organizations. To fully under-
stand this relationship’s structural characteristics and evolution laws, SNA and NMA are
applied in the study. Specifically, SNA is used to capture the overall structural characteris-
tics and node locations of the owner—contractor collaborative network from a macro-level.
MNA is applied to discover the structure of subgroups in networks and reveal local collab-
orative patterns from a micro-level.

3.1. Social Network Analysis (SNA)

The measurement for the macro-structure of the owner—contractor collaborative net-
work based on SNA includes the network-level and the node-level indicators.

3.1.1. Network-Level Measurement

In the SNA method, four network indicators, including density, average degree,
average distance, and clustering coefficient, are generally used to analyze the characteristics
and evolution of the network.

(1) Density

Density refers to the ratio of the actual number of connections to the maximum possible
number of connections in the network and can measure the degree of interconnection
between nodes in the network [49,50]. The value of density is between 0 and 1. When
all nodes in the network are connected to each other, the value of density is 1. When the
nodes in the network are all isolated, the density value is 0 [51]. The calculation formula of

density D is as follows.
2E
D= ——+ 1
N(N-1) L
where E refers to the number of connections between these nodes, and N refers to the
number of all nodes in the network.

(2) Average degree

The average degree refers to the average number of connections to a node in the
network, reflecting the network’s tightness [34]. The larger the value of the average degree
in the collaborative network, the tighter the network is [52]. The average degree AD is

formulated as follows. £
AD = N 2)

(3) Average distance

In the undirected network, the number of connections in a path between two nodes
is defined as the length of the path, and the length of the shortest path is defined as the
distance between the two nodes [53]. The average distance of a network is the average of
the shortest path length between pairs of nodes in the network, and it is used to measure
the ease of communication between nodes [54]. The average distance L is calculated
as follows.

Yivjdij

L= N(N+1)/2 ©)
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where d;; represents the shortest path length from node i to node j.
(4) Clustering coefficient

The clustering coefficient of a node is the ratio of the number of actual connections
between the node and its neighbors to the number of the maximum possible connections
between those nodes. The clustering coefficient of the whole network is the average of the
clustering coefficients of all the nodes [55]. The clustering coefficient is used to describe
the extent to which a node is embedded in the network’s local group and reflects the
aggregation extent of networks [56]. The value of the clustering coefficient ranges from
0 to 1. The clustering coefficient (CC) is 1 when all nodes are interconnected in the network,
while CC is 0 when all nodes are not connected. CC is expressed as follows.

N 2e;
cC=) —— 4)
,-:Z{ ki(ki —1)

where k; is the number of neighbors of the ith node, and ¢; refers to the number of connec-
tions between these neighbors.

3.1.2. Node-Level Measurement

In the network, the transmission of information is affected by the location of nodes.
Centrality is a commonly used indicator to measure the location and status of nodes in
the network, which helps figure out the core nodes, i.e., nodes that are relatively more
connected with other nodes [57]. Betweenness centrality and degree centrality are two
indicators commonly used for centrality analysis [58,59].

(1) Degree centrality

Degree centrality refers to the number of direct connections a node has to other
nodes [60]. Additionally, the normalized degree centrality is defined as the ratio of the
number of direct connections of a node and the total number of connections in the net-
work [61]. Generally, the higher the degree centrality a node has, the greater its influence is
on the network [62]. The normalized degree centrality Cp (i) is calculated as follows.

N
Yilieif

Coli) = 1

©)

where ¢; ; is the number of connections between node i and node j, and N is the total
number of nodes in the network.

(2) Betweenness centrality

Betweenness centrality reflects the extent to which a node is located on the shortest
paths between pairs of other nodes [63]. The greater the betweenness centrality of a node,
the more it can influence the connections between other nodes [64]. The normalized
betweenness centrality Cg(i) can be calculated as follows.

_ gjk(i)
i<k Sjk

(N-1)(N-2)
2

Cp (i) / (6)

where gji (i) refers to the number of shortest paths traversing node i, and gj is the total
amount of the shortest paths between node j and node k.

3.2. Network Motif Analysis (NMA)

Network motifs are small connected subgraphs of 3-7 nodes that occur in real net-
works, the number of which is significantly higher than that in random networks [65,66].
Conversely, subgraphs that appear less frequently than in random networks are defined
as anti-motifs [43]. The Z-Score is a statistical significance indicator, which is often used
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to determine the network motif and assess the importance of the motif structure in the
network [67]. The Z-Score for each subgroup is represented as follows.

Nreali - Nmnd,-

Z; =
Orand;

@)

where N, represents the number of occurrences of subgraph i in the real network; N,
represents the mean of the number of occurrences of subgraph i in the iterated random
network; 0y,,4, represents the standard deviation of the number of occurrences of subgraph
i in the random network.

Typically, Z; > 0 represents that the number of occurrences of subgraph i in the
owner—contractor collaborative network is greater than that in the corresponding random
network. In this case, subgraph i is defined as a motif; otherwise, i is an anti-motif [43].

3.3. Analytical Procedures

We collected a longitudinal data set of the projects that won the National Quality
Engineering Award (NQEA) in China and used the SNA and NMA methods to study
the structural characteristics and evolutionary laws of owner—contractor collaborative
relationship networks. Figure 1 depicts the analytical procedures, which consist of four
steps: (i) Obtain the information on the owners and contractors of NQEA award-winning
projects, (ii) Construct the owner—contractor relationship matrix based on the processed data
and develop the owner—contractor snapshot network, (iii) Analyze the macro-structural
characteristics of owner—contractor collaborative networks by using SNA, (iv) Discover the
local collaborative patterns by using NMA.
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Downloading data f T ini
wnioading data from | Text Mining

online website .\(‘l|l-li:<iﬁ on NQE.-\
Owners .. | Document | / NQEA Data | ‘0““""'(:"“":““l"'
Contractors Coding Treatment Collaborative Network |
Network-level indicators |
Drasity
Averags degres |
Average distanc Ty T . = 5 . . 5 -
Clintering coefficient Social Network Macro Network NQEA Network
: : -\“‘“l_.""'“‘ Analvsis | | ( 'h:u'nch.'_rir_erics
| Node-level indicators (SNA) i
Degree centrality [
Betweenmess centrality
“Network Motif g & r ol s
3-wide subgromp A als Micro Network | Local [( ollaboration
4-node subgroup Pt Analvsis atterns
(NMA) 2 5

Figure 1. Analytical procedures.

3.4. Data Collection and Processing

China’s NQEA is an award established to encourage construction companies to im-
prove project quality. It was established in 1981 as China’s construction industry’s ear-
liest and highest level national quality award. Generally, NQEA is awarded annually.
The applicants include owners, contractors, designers, and some other enterprises partici-
pating in projects. The award projects must meet requirements such as excellent design,
high construction quality, effective management, advanced technology, energy saving, and
environmental protection. Projects in seven fields, including construction engineering,
industrial engineering, traffic engineering, water conservancy engineering, and municipal
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engineering, are involved in NQEA. Among them, construction engineering projects ac-
count for 70% of the total number of award projects. The information on award projects,
including project name, project type, year of winning the award, and project participants,
is available on the official website (http://www.cacem.com.cn/ (accessed on 15 July 2022))
of the China Association of Construction Enterprise Management.

The NQEA project information provides a valuable data set for exploring the owner—
contractor collaborative network. In this study, the data of 1371 construction projects
that won NQEA from 2013 to 2021 were used to analyze the characteristics and evo-
lution of the owner—contractor collaborative network in China’s construction industry.
These projects involved 1283 owners and 1560 contractors. The number of owners is
smaller than that of projects because some NQEA projects have the same owners. In total,
1560 contractors are all the contractors included in the NQEA projects data set. Since some
projects involve multiple contractors, the number of contractors is greater than that of
projects. The descriptive statistics of the projects are shown in Table 1.

Table 1. Basic information on awarded projects.

Year Number of Awarded  Number of Awarded Number of Awarded

Projects Owners Contractors
2013 104 105 185
2014 108 109 194
2015 133 135 256
2016 130 127 245
2017 164 161 301
2018 179 178 378
2019 173 173 342
2020 182 188 402
2021 198 201 452

We processed the project information collected in accordance with the following
principles. First, for some large contractors with multiple tiers of subsidiaries, only
the first-level subsidiaries were regarded as network nodes in this study. For example,
China Construction Second Engineering Bureau Ltd., China Construction Third Engi-
neering Bureau Ltd., China Construction Seventh Engineering Bureau Ltd., and China
Construction Eighth Engineering Bureau Ltd. are all first-tier subsidiaries of China State
Construction Engineering Corporation, one of China’s largest construction companies.
Therefore, they were displayed as different nodes in the collaborative relationship network.
Second, we regarded the collaborative network between owners and contractors as an
undirected and unweighted network. In other words, we only considered whether there
was a collaborative relationship between an owner and a contractor, regardless of how
many times they had collaborated. Third, we coded the enterprises in the network with an
“O” for owners and a “C” for contractors and used different numbers to represent different
enterprises. For example, C1446 represented China Construction Third Engineering Bureau
Co., Ltd., and O68 represented Beijing Wangjing Souhou Real Estate Co., Ltd.

To understand the evolution of the network, a dynamic analysis of the network is
required. For analyzing longitudinal networks, it is crucial to determine the optimal
window size, which refers to the time interval between two snapshots. The NQEA is
awarded annually, so we set each year as a time window to generate nine network snapshots
over the study period from 2013 to 2021. Each network snapshot contains the awarded
projects and the owners and contractors involved in that year. We constructed a two-mode
network at each snapshot point. The network nodes were divided into two different
sets in a two-mode network: the project set and the organization set. Figure 2a shows a
schematic diagram of a two-mode network, where the square nodes represent the awarded
projects, and the round nodes represent the awarded organizations. If a circular node
is interconnected with a square node, the award-winning organization is involved in
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the construction project. Since project implementation depends on the organizations’
collaboration, there are interconnections between the organizations involved in the same
project. In addition, an organization may be involved in multiple projects and form a
complex network of relationships with other organizations through different projects. For
example, the black node C3 in Figure 2a is involved in both projects P1 and P2. Since
this study aims to explore the collaborative relationship network between organizations,
we converted the two-mode network consisting of the project set and organization set
into the one-mode network containing only the organization set (see Figure 2b). Then,
we established nine owner—contractor collaborative relationship matrices with the row
and column 290 x 290, 303 x 303, 391 x 391, 372 x 372,462 x 462,556 x 556, 515 x 515,
590 x 590, 653 x 653, respectively. If there was a collaborative relationship between
company i and company j at the snapshot time point, r;; = 1; otherwise r;; = 0.

(a) (b)

Figure 2. Schematic diagram of project organization network: (a) two-mode network; (b) one-
mode network.

4. Results and Discussion
4.1. Whole Network Topology

According to the established owner-contractor adjacency matrix, the topological dia-
grams of the collaborative relationship in nine snapshots are produced by Gephi software
to show the evolution of the collaborative network (as shown in Figure 3). In Figure 3,
the color of the nodes represents the type of companies, with green nodes representing
the owners and pink nodes representing the contractors. The size of the node reflects the
number of connections to this node. Specifically, the larger the node, the higher the number
of connections to this nod, and vice versa. We can see from Figure 3 that the network
structure at different snapshots is quite different. The number of nodes and connections
in the collaborative network increases over time, which results in a larger network size.
Furthermore, several significant components with many connected nodes can be found in
each network.
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Figure 3. The topology diagram of different network snapshots.
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4.2. Network-Level Analysis
4.2.1. Density

As an important indicator of the SNA method, network density reflects the con-
nectivity of the network [51,52]. Figure 4 displays the evolution of the density of the
owner—contractor collaborative relationship network over time. It can be seen that the
density values for 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, and 2021 are 0.013, 0.013,
0.010, 0.011, 0.008, 0.008, 0.008, 0.008, and 0.007, respectively, indicating that the density
was low and decreased during the study period. This is different from some research
conclusions on the collaborative network [8,34,35]. For example, Tang et al. [34] studied
the collaborative relationships between contractors and subcontractors, and the results
showed that during the study period, the contractor-subcontractor collaborative network
became denser and more connected between nodes. This may be because it is more flexible
for contractors and subcontractors to establish collaborative relationships, and it is easy to
collaborate multiple times. However, the owners of different projects are often different,
and the contractors are usually selected by means of bidding, which makes establishing a
collaborative relationship between the owners and the contractors more restricted. There-
fore, the value of density of the owner—contractor collaborative network did not increase
over time. A low network density indicates that some owners and contractors have little
communication, which is not conducive to exchanging information and sharing knowledge
in the collaborative network [58]. The gradual decrease in network density reflects the
worsening of network connectivity. This is because some groups have appeared in the
evolution of the network. The organizations within the group are closely connected, but
they are less connected with the organizations outside the group, causing an island effect,
which results in low connectivity of the network. Most of these groups with island charac-
teristics are composed of medium-sized contractors that won few NQEA. Organizations in
the island group should fully understand their dilemmas and strengthen cooperation with
other organizations to improve the overall connectivity of the collaborative network.
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Figure 4. The density of the collaborative networks in 2013-2021.

4.2.2. Average Degree

The average degree is an indicator, which describes the compactness of the network
and is the average number of connections (collaborative relationships) of a node (owner
or contractor) in the collaborative network [68]. The higher the average degree, the more
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compact the network [69]. Figure 5 depicts the number of owners, contractors, and connec-
tions in the collaborative network from 2013 to 2020. During the study period, the number
of nodes (contractors and owners) and connections in the network had increased, and the
number of connections had increased more than that of nodes. This may be because the
connection between nodes involves not only the collaboration between the newly joined
contractors and owners but also the collaboration between the existing contractors in the
collaborative network and the newly joined owners.
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Figure 5. The number of owners, contractors, and connections in 2013-2021.

Figure 6 shows the change in average degree during the study period. It can be seen
that the average degree of the collaborative network had increased over time, indicating
that the collaborative network was becoming more and more compact. In 2021, the average
degree of the owner—contractor collaborative network was 4.802, indicating that each node
collaborated with at least four nodes, on average. Liu et al. [40]’s study on the collabo-
rative relationships between contractors showed that the average degree of contractors’
collaborative network in 2011 was 11.20, which is higher than the average degree of the
owner—contractor collaborative network obtained in this study. Generally, a contractor can
undertake several projects simultaneously or participate in a project together with other
contractors. With the increase in the number of projects, the number of connections between
different contractors also increased. Therefore, the average degree of the collaborative
network of contractors is relatively high. However, for the collaborative network of owners
and contractors, although the contractors of different projects may be the same, the owners
are often different. This results in a relatively small number of relationships embedded in
the collaborative network between owners and contractors, with a low average degree of
the network.
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Figure 6. The average degree of the collaborative networks in 2013-2021.

4.2.3. Average Distance

In the organization network, the average distance refers to the average of the shortest
path length between two organizations, which reflects the difficulty in communication
between the two organizations and the possibility of information exchange [70]. Figure 7
depicts the variation of the average distance in the collaborative relationship network, as
shown by the black line. In 2021, the average distance of the network was 3.719, which
meant that it took about four steps from one node to another node. We can see from Figure 7
that the average distance of the collaborative network between owners and contractors in
2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, and 2021 was 3.298, 3.269, 3.864, 3.230, 3.615,
3.557,3.580, 3.389, 3.719, respectively. The value of the average distance in 2021 is greater
than that in 2013, which means that compared to 2013, more intermediate nodes are needed
to establish connections between two companies in the collaborative network in 2021. This
is because some newly joined companies in the collaborative network happened to be
located on the shortest communication path between the other two companies, resulting in
the need for the two companies to communicate through more intermediaries.

4.2.4. Clustering Coefficient

The clustering coefficient can be used to reflect the degree to which nodes in the
network are clustered. In general, nodes clustered in a group can communicate and
collaborate more effectively [71]. Figure 8 depicts the change in the clustering coefficient of
the collaborative relationship network during the study period. The clustering coefficient
gradually increased from 2013 to 2021. In 2021, the clustering coefficient value was 0.935,
which meant that the owner—contractor network was highly clustered. This is because
most of the NQEA projects are large in scale, and the owners usually contract out the
construction tasks to several contractors to complete together, which makes them form a
closely collaborative group, and many highly aggregated groups improve the aggregation
degree of the whole network.
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Figure 7. Evolution of the average distance of the collaborative networks in 2013-2021.
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Figure 8. Change of the clustering coefficient of the collaborative networks in 2013-2021.

We further analyzed whether there was a small-world network in the owner—contractor
collaborative network. Watts and Strogatz [72] and Neal [73] pointed out that if a network
formed based on a specific rule had a larger clustering coefficient and a lower average
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distance than those of a random network with the same number of connected nodes
and density, this indicated that the network had small-world characteristics. We ran-
domly generate 100 networks with the same nodes and density as the owner—contractor
collaborative network and calculate their average distances and clustering coefficients.
Figures 7 and 8 show the mean distance and clustering coefficients of these 100 random
networks, respectively, as shown by the red line. It can be seen that compared to random
networks, the owner—contractor collaborative networks have lower average distances and
higher clustering coefficients, that is, the collaborative networks have the characteristics of
a small-world network. In a small-world network, the connection between two organiza-
tions requires only a few intermediary organizations, facilitating technology dissemination,
capital accumulation, and personnel collaboration between the owners and contractors.

4.3. Node-Level Analysis
4.3.1. Degree Centrality

Degree centrality is the number of adjacent connections a node has in the network,
reflecting the direct connection between nodes and other nodes [74]. In a collaborative net-
work, the node with a high degree centrality has robust interactivity, significant influence,
high participation degree, and it is at the core of the network [75].

Table 2 shows the top 15 companies ranked by the degree centrality of the collaborative
network in nine snapshots. It can be seen from Table 2 that the degree centrality of C1442,
C1446, and C1443 has consistently been ranked in the top three during the study period.
This indicates that they are at the network’s core and can be called core nodes. Compared
with the other contractors, they have more experience in collaborating with owners and
contractors. These companies exhibit the preference attachment effect, i.e., contractors who
have won the NQEAs are more likely to acquire new projects and form partnerships with
new owners.

Table 2. Top 15 companies ranked by degree centrality (DC).

No 2013 2014 2015 2016 2017 2018 2019 2020 2021
1 C1446 C1442 C1442 C1446 C1443 C1442 C1442 C1442 C1442
2 C1451 C1446 C1446 C1442 C1442 C1474 C1446 C1446 C1446
3 C1443 C1153 C1153 C1443 C1446 C1443 C1443 C1443 C1443
4 C1484 C1448 C1443 C1153 C1451 C1446 C1484 C1153 C1484
5 C1105 C1444 C1105 C1051 C1035 C1484 C1452 C1485 C1153
6 C1051 C1474 C1237 C1451 C992 C1153 C1485 C1452 C1451
7 C1442 C485 C571 C641 C1073 C1485 C1501 C1448 C1485
8 C1452 C1443 C1451 C96 C1448 C1501 C1500 C1451 C171
9 C1363 C1484 C1484 C85 C1452 C1448 C1448 C1043 C1389
10 C1073 C462 C1035 C1452 C514 C754 C218 C1484 C754
11 C1410 C1069 C1410 C1035 C1484 C628 C1405 C588 C1474
12 C238 C782 C517 C1039 C1501 C1451 C1451 C1389 C1452
13 C1159 068 C83 C1105 C13 C1452 C1073 C41 C588
14 0353 C573 C1363 0403 C750 C1449 Co64 C1474 C750
15 C57 C992 C803 C508 C1438 C1511 C998 C750 C714

C1446, C1442, and C1443 refer to China Construction Third Engineering Bureau
Corporation Limited, China Construction Eighth Engineering Bureau Corporation Limited,
and China Construction Second Engineering Bureau Corporation Limited, respectively, all
of which are the subsidiaries of China State Construction Engineering Corporation Ltd.
(CSCE). CSCE is one of the largest construction contractors in China, ranking seventh in
ENR'’s 2021 Top 250 International Contractors list. C1446, C1442, and C1443 are the three
subsidiaries with the most potent comprehensive competitiveness of CSCE. In 2021, the
newly signed contract values of C1446, C1442, and C1443 were around USD 88 billion,
USD 94 billion, and USD 59 billion, respectively, and the operating income was around
USD 44 billion, USD 53 billion, and USD 30 billion, respectively. The three companies have
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branches in many cities in China, which provide conditions for extensive participation
in project bidding and establishing collaborative relationships with owners. They all
have advanced technology and excellent R&D talents and have won many high-quality
engineering awards. From 2013 to 2021, C1446, C1442, and C1443 have won 106, 116, and
112 NQEAs, respectively.

4.3.2. Betweenness Centrality

Betweenness centrality is an indicator, which measures the degree to which a node acts
as an intermediary, that is, the degree to which a node influences the flow of information
between other nodes [76]. The higher the betweenness centrality of a node, the greater its
influence on the information flow between other nodes [77].

Table 3 lists the top 15 organizations in terms of betweenness centrality at each snap-
shot point. It can be seen from Table 3 that C1442, C1443, and C1446 always had a high
value of betweenness centrality over time. This means that these companies act as bridges in
the owner—contractor collaborative network. It is worth noting that C1153 (Suzhou Golden
Mantis Building Decoration Co., Ltd.), as a private company, also had a high betweenness
centrality in the owner—contractor collaborative network. In 2015, C1153 had the most
significant betweenness centrality. C1153 (Suzhou Golden Mantis Building Decoration Co.,
Ltd.) is a large listed company with building decoration and renovation as its primary
business. It has been ranked as one of the top 100 building decoration companies in China
for 19 consecutive years, and its business has spread to various cities in China and many
overseas markets. From 2013 to 2021, the number of NQEA won by C1153 has increased
yearly, totaling 41 awards. This is due to its continuous development in building decoration
with a large team of interior designers and excellent decoration and renovation construction
teams. These advantages increase C1153's bidding competitiveness and make it easy to be
favored by owners.

Table 3. Top 15 companies ranked by betweenness centrality (BC).

No 2013 2014 2015 2016 2017 2018 2019 2020 2021
1 C1446 C1442 C1153 C1446 C1442 C1442 C1442 C1442 C1442
2 C1451 C1446 C571 C1442 C1443 C1443 C1484 C1443 C1446
3 C1443 C1448 C1442 C1153 C1446 C1446 C1446 C1446 C1443
4 C1410 C1153 C714 C1443 C1451 C1153 C1443 C1452 C1451
5 C1442 C1069 C1446 C1451 C1448 C1474 C1501 C1153 C1389
6 C1363 C485 C1105 C1452 C992 C1485 C1452 C1451 C1452
7 C1051 C1474 C750 C85 C1452 C1452 C1063 C1448 C1474
8 C1073 C1443 C1410 C1501 C1501 C754 C1500 C588 C1485
9 0250 C1445 C83 C1051 C64 C1448 Co64 C750 C1484
10 C1452 C573 C1237 C1039 C1035 C1451 C750 C1474 C74
11 C1105 C819 C1484 C951 C1073 C1501 C430 C1405 C1512
12 C1237 C1484 C803 C540 C238 C992 C1512 C1043 C171
13 C1064 C1451 C517 C1105 C1153 C1484 C1485 C1485 C1153
14 C962 C1534 C1363 Co641 C754 C1389 C1100 C737 C1448
15 C533 C171 C785 C96 C996 C540 C1405 C1389 C1258

We further analyze the attributes of the top 15 contractors ranked by degree centrality
and betweenness centrality, as shown in Table 4. As can be seen from Table 4, among the
top 15 contractors, there are more state-owned enterprises (SOEs) than private enterprises
(PEs). This indicates that SOEs play a dominant and critical role in the owner—contractor
collaborative network. Han et al. [78] also found that SOEs have high centrality and are the
primary carrier of technological innovation in China’s construction industry in the study
on the collaborative innovation network of China’s construction industry. State-owned
construction enterprises often have substantial financial resources, government support,
and extensive experience in contracting large-scale engineering projects. These advantages
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make it easier to develop collaborative relationships with owners and often collaborate
with other subcontractors as a general contractor.

Table 4. Number of SOEs and PEs in the top 15 contractors in terms of degree centrality and
betweenness centrality in 2013-2021.

Degree Centrality Betweenness Centrality

No- SOEs PEs SOEs PEs
2013 8 7 8 7
2014 10 5 8 7
2015 5 10 4 11
2016 8 7 9 6
2017 11 4 10 5
2018 11 4 11 4
2019 12 3 10 5
2020 11 4 10 5
2021 10 5 10 5

4.4. Subgroup-Level Analysis

A network consists of several subgroups. Exploring the subgroup structure based on
the NMA method helps gain a deeper understanding of the characteristics and evolution
of the owner—contractor collaborative network. Unlike SNA, which focuses on the overall
network structure and the role of nodes, NMA focuses on investigating the subgroup
structure of the network. According to the number of award-winning projects and the
number of organizations involved in the network, an average of three to four organizations
(owners and contractors) are involved in each project. Therefore, we focus on the three-node
subgroups and four-node subgroups of the owner—contractor collaborative network.

For the undirected unweighted network, there are two structural forms for the three-
node subgroup and six structural forms for the four-node subgroup. Their topologies are
shown in Figure 9.

A AT

3 3-2 4-1 42
43 4-4 4-5 4-6

Figure 9. Topology of three-node and four-node subgroups.

We imported the data for each snapshot point into the Mfinder 1.2 software and
performed 100 iterations, producing motif results for different subgraphs. The number of
occurrences of a certain type of subgroup in the real network and the random network is
shown in Figure 10. The Z-Scores of the three-node subgroups and the four-node subgroups
in different snapshots are shown in Table 5.
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Figure 10. The number of three-node subgroups and four-node subgroups in real networks and
random networks: (a) subgroup 3-1; (b) subgroup 3-2; (c) subgroup 4-1; (d) subgroup 4-2; (e) subgroup

4-3; (f) subgroup 4-4; (g) subgroup 4-5; (h) subgroup 4-6.

Table 5. Z-Score of all three-node subgroups and four-node subgroups in different snapshots.
ID 2013 2014 2015 2016 2017 2018 2019 2020 2021
3-1 —82.31 —80.88 —131.20 —86.88 —114.53 —154.19 —109.40 —131.68 —148.79
3-2 82.31 80.88 131.20 86.88 114.53 154.19 109.40 131.68 148.79
4-1 —31.39 —29.44 —46.49 —24.22 —25.65 —40.14 —27.96 —38.11 —30.86
4-2 —26.09 —29.19 —35.16 —25.84 -19.73 —31.30 —29.99 —34.85 —28.43
4-3 24.26 22.93 31.94 19.79 19.62 31.42 24.01 28.21 26.05
4-4 —7.45 —7.38 —6.75 —8.05 —6.96 —9.78 —9.78 —11.17 —10.56
4-5 11.75 3.10 11.13 1.54 12.60 12.18 12.97 14.08 12.83
4-6 921.86 850.89 2458.93 673.29 841.17 1098.79 614.04 971.35 674.41

It can be seen in Figure 10 that the number of three-node subgroups and four-node
subgroups both increased in the real network and the random network during the study
period. This means that the structure of owner—contractor collaborative networks in China’s
construction industry is becoming increasingly complex, and the collaboration between
organizations is becoming more and more diverse. For the three-node subgroup, subgroup
3-1 always appeared more frequently in the random network than in the real network,
while subgroup 3-2 is on the contrary. Table 4 shows that the Z-Score of subgroup 3-2 is
positive, while that of subgroup 3-1 is negative. Thus, subgroup 3-2 is the network motif,
while subgroup 3-1 is the network anti-motif. For the four-node subgroups, subgroup 4-1,
subgroup 4-2, and subgroup 4-4 always appeared more frequently in the random network
than in the real network, while subgroup 4-3, subgroup 4-5, and subgroup 4-6 appeared
much more frequently in the real network than in the random network. It can also be seen
in Table 5 that the Z-Scores of subgroup 4-3, subgroup 4-5, and subgroup 4-6 are all greater
than 0, while those of subgroup 4-1, subgroup 4-2, and subgroup 4-4 are all less than 0.
Therefore, for the four-node subgroup, subgroups 4-3, 4-5, and 4-6 are network motifs, and
subgroups 4-1, 4-2, and 4-4 are network anti-motifs.

Motifs are fundamental patterns that recur in networks, and their frequency in real
networks is significantly higher than in random networks with the same number of nodes
and connections. Anti-motifs are just the opposite. The above results show that subgroups
3-2, 4-3, 4-5, and 4-6 are the motifs in the owner—contractor collaborative relationship
network, that is, there are many local collaborative relationships of these forms in the
network. Among them, subgroups 3-2 have the largest Z-Score in the three-node subgroup,
and subgroups 4-6 have the largest Z-Score in the four-node subgroup. That is, subgroups
3-2 and 4-6 are the two most dominant subgroup structures in the owner—contractor
collaborative network. As seen in Figure 9, these four forms are all generated based on the
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complete collaboration of the three organizations (containing at least one triangle). This
subgroup structure facilitates the organization’s efficient collaboration and the network’s
development. Subgroups 3-1, 4-1, 4-2, and 4-4 are anti-motifs in the owner—contractor
collaborative relationship network. As can be seen in Figure 9, these four forms are mainly
binary cooperation between organizations (containing no triangle) and do not have the
basis for multiple collaborations. They are undesirable because they reduce the connectivity
and cohesiveness of the network.

4.5. Managerial Implications

Based on the above results, the structural characteristics of the collaborative networks
formed by owners and contractors involved in projects that won NQEA and the evolution of
each organization’s position in the network from 2013 to 2021 can be identified. Accordingly,
the following management insights can be proposed for organizations to improve their
collaborative relationships and thus contribute to the development of the organizations
and the industry.

(1)  The results regarding centrality indicated that some contractors, such as C1442, C1443,
and C1446, always had a high degree centrality and betweenness centrality during the
study period. These contractors are all subsidiaries of CSCE, one of China’s largest
contractors. The high value of degree centrality indicates that these large contractors
have a lot of experience in collaborating with owners or other contractors and are at
the core of the collaborative relationship network, while high betweenness centrality
means that they have a significant impact on the owner—contractor collaborative
relationship network. It can be seen that these organizations have played an essential
role in the construction of high-quality projects in China. In the future, they should
further play their leading role in developing the construction industry. Specifically,
they can make efforts from the following three aspects. First, since new technology,
such as blockchain and artificial intelligence, can effectively promote the high-quality
development of construction industry, these companies can positively explore the
application of these new technologies in construction projects. Second, completing
high-quality projects requires constant materials and construction techniques innova-
tion. Therefore, these companies need to increase the R&D efforts of new technologies
and new materials and promote their application in construction. Third, these lead-
ing enterprises can actively participate in formulating relevant industry norms and
technical standards to promote the industry’s overall development.

(2)  The results of density, average degree, average distance, and clustering coefficient
showed that the collaborative relationship network became more and more compact
during the study period. A compact collaborative network is beneficial for sharing
new policies, technologies, and ideas, promoting industrial upgrading and high-
quality development. Thus, more frequent interaction is required for the owners
and contractors in China’s construction industry to develop strong collaborative
relationships. To this end, construction industry associations can often hold some
technology-sharing activities to provide a good platform for promoting exchanges,
giving small and medium contractors more opportunities to collaborate with owners
and large contractors.

(3)  As previously mentioned, some contractors who have won NQEAs in the past, such
as C1142 and C1143, showed a preference attachment effect, which means that con-
tractors who have won NQEAs were more likely to obtain new projects and establish
partnerships with new owners. NQEA-winning collaboration projects must satisfy
some requirements, including reliable quality, leading design ideas, and significant
technological innovation achievement. Therefore, contractors who have won this
award generally have good management capability, technical innovation ability, and
construction levels. Awarding the NQEA further enhances the credibility of compa-
nies, which in turn helps the companies obtain new construction projects. This virtu-
ous cycle can promote the development of enterprises. Consequently, construction
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companies should pay special attention to improving their management capabilities
and technical levels and follow the principle of excellence when undertaking projects
to establish their industry reputation and lay the foundation for market expansion
and collaborative relationship establishment.

(4) The results of NMA indicate that there are two local collaborative patterns in the
network, i.e., motif and anti-motif. Motifs are mainly triangle-based collaborative
patterns, and anti-motifs are binary collaborative patterns. Generally, project orga-
nizations can reduce the uncertainty in the search for collaboration and increase the
likelihood of successful collaboration based on previous collaboration experience
(relational embeddedness) and common third collaborator (structural embedded-
ness) [79,80]. The triangle-based collaborative pattern is beneficial for the organi-
zation to obtain information about indirect partners and can help the organization
to establish contacts with indirect partners through direct partners, thus effectively
expanding the scope of collaboration. Triangle-based motifs reflect collaborative pat-
terns with structurally embedded features. The owners and contractors can deepen
their partnership with more indirect partners to create opportunities to participate in
more large-scale projects.

5. Conclusions

Collaboration between the owners and contractors is key to the success of a con-
struction project. Recently, with the increase in construction projects in China, a complex
collaborative relationship has formed between the owners and contractors. It is necessary
to systematically and deeply understand the complexity and dynamics of this collaborative
relationship. Based on the data of NQEA projects from 2013 to 2021, we adopted the
SNA and NMA methods to establish a collaborative network between the owners and
contractors in China’s construction industry and analyzed the structural characteristics and
dynamic evolution of the collaborative network.

The main findings of the study are as follows. (1) The collaborative networks formed
by owners and contractors that have won NQEA in China became larger and more complex
in structure during the study period. This indicates that the large number of construction
projects in China has led to the involvement of an increasing number of owners and
contractors who have formed an intricate network of relationships. In the evolution
of the network, there have been island-like groups, where the organizations within the
group are closely connected, but they are less connected to organizations outside the
group. This result can help organizations in the isolated groups to understand their
dilemma and suggest that they need to expand their cooperation with other organizations.
(2) The results of the centrality analysis indicate that most of the organizations at the core of
the network are large state-owned contractors who have rich resources and strong power.
Their central position in the network indicates that they have had cooperative relationships
with many owners and other contractors and have a large industry influence. There is a
need to strengthen the driving role of these state-owned contractors in the development of
China’s construction industry. In addition, the results of centrality also show that most of
the organizations at the core of the network have repeatedly won NQEA, such as China
Construction Third Engineering Bureau, China Construction Eighth Engineering Bureau,
and China Construction Second Engineering Bureau. This suggests that there is a preference
attachment effect in the construction market, i.e., winning NQEAs for quality construction
work gives them more opportunities to undertake new projects and form new partnerships
with new owners and other contractors. (3) The results of NMA show that the collaboration
patterns between owners and contractors have become complex and diverse over time,
consisting mainly of sparse binary collaboration patterns and tight multiparty collaboration
patterns. Multiparty collaboration patterns are increasingly present in the network, making
the network more locally clustered. This indicates that more and more organizations form
multiparty collaboration networks with other organizations when participating in new
projects, laying the foundation for future participation in the fierce competition in the
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construction market. Organizations with only a binary cooperation model can also draw
inspiration from this finding that they need to establish broader cooperative relationships
with other organizations by contracting more projects.

This study brings the following knowledge contributions. First, this study enriches
the existing body of knowledge on owner—contractor collaborative relationships by shifting
the focus from one-off and short-term cooperation in a specific project to the collabora-
tive relationship network at the industry level. Second, the evolution mechanism of the
owner—contractor industry-level network is studied from a dynamic network perspective,
which expands the study of the organizational network in the construction field and fills
the gap in the research on the owner—contractor collaborative network. Third, the findings
provide valuable insights into understanding the evolution of China’s owner—contractor
collaborative relationship and provide a basis for collaborative network governance and
organizational collaboration strategy formulations. Fourth, this study proposes a method,
which combines SNA and NMA to reveal the characteristics and evolution of the network’s
overall macro-structure and local micro-structure, providing a research idea for mining
cooperation information from industry-level project-based social networks. The interdisci-
plinary network motif concept is introduced to characterize the local relationship patterns
of the network and collaboration mechanisms of subgroups, and SNA is used to explore
the network’s overall characteristics and nodes’ position. SNA and NMA complement
each other and advance the understanding of the network properties and structural embed-
dedness. The method and ideas in this study can also be used to explore the collaborative
relationships between stakeholders in the construction industry of other countries.

Although the study brings the above contributions, there are still some limitations.
First, we only studied the collaborative network of owners and contractors based on the
data of the NQEA project in China. In the future, data sources can be expanded for more
in-depth research. Second, we only focused on the collaborative relationship between
owners and contractors. However, a construction project involves many participants,
such as subcontractors and designers. Future studies can include these stakeholders to
better understand the collaborative relationships between different stakeholders. Third, we
only discovered the three-node subgroups and four-node subgroups; however, some large
projects may involve more owners and contractors. The structure of more node subgroups
can be further explored in the future.
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Abstract: Integrated Project Delivery (IPD) with collaborative work as its core is supported by
increasing numbers of scholars and practitioners, due to the performance improvement of project
construction and projects’ success promotion. However, some factors such as the contract, the
technology, and the personnel behaviors hinder the application of IPD, which has negative impacts
on the collaboration level of construction projects. On the basis of the configuration analysis, the
purpose of this paper is to increase the effectiveness of collaborative management of construction
projects by encouraging the application of IPD principles. This is achieved by introducing the proof
of contradiction and thoroughly examining the impact of the application of IPD principles’ barrier
with the level of collaboration. Added to that, the research necessity of configuration analysis on
IPD principles” obstacle to construction project collaboration is demonstrated through bibliometric
analysis; thus, a questionnaire survey is applied to collect opinions related to IPD principles from
235 industry practitioners.
gather IPD principles’ obstacles for construction project collaboration. The results show that (1) the
absence of contractual and behavioral principles obstructs significantly the level of collaboration

Fuzzy set qualitative comparative analysis (fsQCA) is deployed to

of construction projects in several cases, (2) catalysts for IPD have no significant impact in most
cases, and (3) the unfamiliarity with IPD has negative impacts on the application of its principles.
The theoretical contribution consists of filling the gap in IPD’s collaborative management research
and improving the research method in related fields. As for the practical contribution, it aims to
prioritize the importance of IPD principles and provide valuable suggestions.

Keywords: Integrated Project Delivery (IPD); construction project; level of collaboration; path of
obstruction; fuzzy set qualitative comparative analysis

1. Introduction

The construction of a project is carried out by several participants at various stages [1],
its performance depends largely on the participants’ collaboration, which is critical to im-
proving efficiency and delivering successfully the construction project [2]. With the in-
crease in technical complexity and the diversification of specifications of these construc-
tion projects, the delivery is becoming increasingly fragmented [3,4]. To overcome this
problem, a new delivery method, called Integrated Project Delivery (IPD), has emerged.

Moreover, the delivery of an integrated project is based on collaboration [5], consist-
ing of integrating the personnel, the system, the business structure, and the practice in
one whole process [6]. In this process, all participants will harness sufficiently their tal-
ents and insights to optimize project performance, increase value to the owner, reduce
waste, and maximize efficiency through all the project phases of design, manufacturing,
and construction [7]. Building Information Modeling (BIM) is growing up as the basis for
the rapid development of IPD, which is advocated as a technological tool to promote work

Sustainability 2023, 15, 3509. https://doi.org/10.3390/su15043509
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with IPD, to provide opportunities for broader collaboration, promote the integration of
architectural professionals to the greatest extent, and realize information sharing and effi-
cient team collaboration [8,9].

However, due to several factors such as contracts, technology, and personnel
behavior, the application of the IPD in traditional construction projects has slowed
down [10,11]. In other words, the pure IPD cannot be applied directly in some coun-
tries, such as China [1]. However, some scholars and practitioners try to introduce the
concept of IPD in traditional construction projects to improve the level of collaboration
and management efficiency [12-14]. Added to that, the degree of application of the IPD
principle will generate different effects on the level of collaboration in the project [15]. In
view of the rapid development of the Chinese construction industry, the requirements for
integrating project collaboration among the different groups are increasing. Considering
the application of BIM technology in China and the barriers denying the direct introduc-
tion of pure IPD [16-18], this paper considers China as an example to study, analyze, and
discuss the impact of IPD principles on construction project collaboration.

This paper studies systematically the effects of applying IPD principles at the level of
construction project collaboration in detail on the basis of a questionnaire survey. Firstly,
this paper uses bibliometric evaluation to analyze the literature related to IPD and con-
struction collaboration. According to the research hotspots and deficiencies, it is found
that the research needs to create a path for IPD principles for construction project collab-
oration depending on certain configuration analyses. Secondly, the technical route of de-
tailed analysis is introduced. Based on the 15 IPD principles and 3 levels of collaboration
adapted from NASFA et al. [8], the variables are selected and the questionnaire is designed
and sent to practitioners experienced in BIM technology, and fuzzy set qualitative com-
parative analysis (fsQCA) is introduced as the research method. Thirdly, referring to the
collaboration level of construction projects as the result variable and the three kinds of IPD
principles (including contractual principles, behavioral principles, and catalysts) as the
condition variable, the configuration analysis was carried out through fsQCA. Fourthly,
based on the obtained results of configuration analysis and the previous research results,
the reasons for the configuration formation were discussed and suggestions were put for-
ward to reduce the obstruction along the configuration path. Finally, some contributions
and future ideas are summarized. This study not only fills the gap in the field of IPD col-
laborative management obstacles, but also improves the research methodology based on
fuzzy set qualitative comparative analysis and model asymmetry analysis. At the same
time, the importance of IPD principles in the process of collaborative management is pri-
oritized to provide a reference for improving the efficiency of collaborative management
in practical engineering.

2. Literature Review

Bibliometric analysis refers to the cross science of quantitative analysis of all knowl-
edge carriers by means of mathematics and statistics. The bibliometric analysis of literature
keywords reflects the research hotspot and trend of the research field.

2.1. Research Hotspot Analysis Based on Bibliometric Analysis

Using China National Knowledge Infrastructure (CNKI) as the data source, the rele-
vant literature search (including academic conference papers, journals, books, and disser-
tations) was carried out using the keywords “IPD” and “collaboration” as the search sub-
ject. A total of 150 non-repetitive literatures were retrieved, and 117 complete information
literatures including 56 academic journals and 61 dissertations were retained to analyze
the research status. VOS viewer was deployed to draw the keyword clustering diagram.
As shown in Figure 1, the emerging clusters are mainly IPD, BIM, collaborative management,
and collaborative work, indicating that these research directions in China’s IPD collaboration
field have attracted the attention of researchers and practitioners in the last 5 years.
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Figure 1. Cluster diagram of IPD collaborative keywords in China (keyword threshold is set to 3).

In opposite, using the Web of Science core collection as the data source, the relevant
literature search was carried out with the two already listed keywords (e.g., IPD and col-
laboration). A total of 107 non-repetitive and complete information articles were retrieved,
but 67 articles unrelated to the topic were excluded and 40 articles related to the topic were
retained to analyze the research status. The keyword clustering diagram was drawn using
VOS viewer. As shown in Figure 2, the emerging clusters are mainly IPD, collaboration, BIM,
performance, and management, indicating that these research directions in IPD collaboration
fields have attracted extensive attention in the world.
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Figure 2. Cluster diagram of IPD collaboration keywords in the world (keyword threshold is set to 3).

Thus, to sum up, almost the same results have been obtained through the biblio-
metric analysis of literatures on related topics from two well-known databases, concern-
ing the number of articles and the associated keywords found in the clustering of the
retained papers.

2.2. Summary of Missing Parts in the Current Field of Research

What was mentioned above shows that BIM has become one of the research hot-
pots in the world as it serves as a technical basis for the rapid development of IPD [8,9].
Furthermore, IPD is used in construction projects to increase the project performance
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through a highly collaborative process [19,20], so collaborative management is one of
the main research hotspots. As the keywords threshold was set at three, rare literature
references about IPD collaboration’s obstacles were not shown in the cluster diagrams of
Figures 1 and 2. Based on the Analytic Hierarchy Process (AHP) model, the BIM software
function, the mode reorganization cost, and the number of BIM practitioners were found
as the main factors that obstruct the development of the IPD collaborative model [21]. In
addition, referring to Structural Equation Modeling (SEM), the factors that obstruct the
application of IPD were studied [11]. Based on the related investigation, good team rela-
tionships and willingness to cooperate between teams were found to reduce significantly
the risk of IPD [22].

As IPD principles involve many conditions and multi-party teams, the risk-sharing
principle, the partnership of the participants, and the legal contract framework create some
obstacles to the IPD’s application [7]. This application is not limited to partial behavioral
principles and catalysts, so the study of the interaction between various IPD principles and
the degree of project cooperation in IPD mode has certain significance. However, the ap-
plication of the IPD in construction projects and related cases is limited in China [16-18].
Thus, the main objective of this paper is to get research data based mainly on a question-
naire survey.

3. Research Design and Method
3.1. Technical Route

FsQCA is the main method that will be used throughout this study, and the techni-
cal route of this paper includes mainly four parts, as shown in Figure 3. These parts will
be detailed here below: Part 1: Questionnaire design, involving mainly the selection of
questionnaire variables, questionnaire design, distribution, and recovery. The selection
of questionnaire variables and the questionnaire design are based on previous research
and industrial standards, whereas its distribution and recovery are realized through the
questionnaire star platform. Part 2: Research results, involving mainly the test of data and
the configuration of the analysis results. The first one consists of testing raw data through
SPSS, validating data rational distribution through descriptive statistics, and dividing the
sample groups according to the “degree of familiarity with IPD”. As for the configuration
analysis, it includes the variable calibration, the necessity analysis for single antecedent
variables, the conditional configuration analysis, and the robustness test. Part 3: Discus-
sion, comparing the main results of this study with those of previous studies, the similari-
ties and the differences were summarized. Part 4: Research conclusion, summarizing the
main theoretical and practical contributions, as well as the research limitations.

3.2. Questionnaire Survey

A questionnaire survey is a method to collect data by designing detailed question-
naires and asking respondents to answer accordingly. This paper designs and recovers
questionnaires to collect the data for analysis.

3.2.1. Selection of Variables

From the owner’s point of view, IPD collaboration is divided into three levels, in-
cluding typical collaboration, enhanced collaboration, and required collaboration [8]. The
first two levels refer to projects that adopt IPD as a concept, whereas the third level refers
to projects that adopt IPD as a delivery method [8]. IPD principles include a total of 15
principles, including contractual principles, behavioral principles, and catalysts for IPD.
Among them, the contractual principles can be included in the agreement. As for behav-
ioral principles, they are necessary for project optimization, but they are based ultimately
on choice. Finally, catalysts for IPD are very useful for optimizing project results. To sum
up, this paper chooses contractual principles, behavioral principles, and catalysts for IPD
as antecedent variables [8] and the level of collaboration will be considered as the out-
come variable [6-8]. Based on configuration analysis and the proof of contradiction, the
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paper reveals the multiple concurrent paths that IPD principles obstruct the level of col-
laboration. Added to that, the paper summarizes the management enlightenment of the
level of collaboration of construction projects in order to provide references for enhanc-
ing the construction project collaborative management efficiency under the application of
IPD principles.

Antecedent variable Variable selection Outcome variable
IPD Principles IPD collaboration

‘ Questionnaire survey ‘

Questionnaire distribution and
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Figure 3. Technical route.

3.2.2. Questionnaire Survey

Through the questionnaire survey, this paper used the questionnaire star platform
(https://www.wijx.cn/vm/waUUwNB.aspx (accessed on 31 October 2022) (Appendix A) to
obtain the raw data. As the core of BIM technology and IPD mode consists of collaborative
work, and the application of BIM technology belongs to the category of IPD principles, the
research objective needs to have certain BIM experience. Thus, the contents of the ques-
tionnaire include mainly the following sections.(1) Background survey of the respondents:
it includes mainly the type of institution the respondents work in, the number of years
they have worked in the construction industry, the number of BIM projects they have par-
ticipated in, their willingness to use BIM technology, and their familiarity with IPD mode.
(2) Investigation on the influence of IPD principles on the level of collaboration of construc-
tion projects: it includes mainly a matrix scale designed based on Likert five points scale,
with 15 secondary indexes of IPD principles presented in Table 1 as the vertical axis and
five options as the horizontal axis (the options at the horizontal axis include the following:
large negative influence, small negative influence, no influence, small positive influence,
and large positive influence). The respondents were asked to select the most consistent
parameters with the IPD principles’ influence on the collaboration of construction projects
based on their feelings and the implementation of the projects. (3) Investigation on the
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level of collaboration of IPD in China: taking three kinds of IPD collaboration levels in
Table 2 as options, a single choice question was set up to require respondents to choose
the most consistent construction project collaboration level with the current situation of
China’s construction industry according to their true feelings.

Table 1. Selection of antecedent variables.

Antecedent Variables Secondary Indexes Observed Variables Assignment
Key Participants Bound Together as Equals X1
Liability Waivers between Key Participants X2
Early Involvement of Key Participants X3
Contractual Principles Fiscal Transparency between Key Participants X4 15
(X1~X8) Jointly Developed Project Target Criteria X5 B
Shared Financial Risk and Reward Based on Project Outcome X6
Intensified Design X7
Collaborative Decision-Making X8
Behavioral Princinles Mutual Respect and Trust X9
(X9-X11) P Willingness to Collaborate X10 1-5
Open Communication X11
Multi-Party Agreement X12
Catalysts for IPD Building Information Modeling (BIM) X13 15
(X12~X15) Lean Design and Construction X14 -
Co-location of Team X15
Table 2. Selection of outcome variable.
Outcome Variable Variable Description Assignment Reference
Typical Collaboration not contractually required 1
. Enhanced Some contractual collaboration requirements 2
Collaboration Levels of IPD Required Collaboration required by a multi-party 3 [6-81
4 Contract

3.2.3. Questionnaire Distribution and Recovery

According to the literature induction, this paper adopts initially 15 IPD principles that
reflect the level of collaboration of construction projects. The preliminary designed ques-
tionnaire was distributed to two construction units for trial filling, and the questionnaire
was revised according to the feedback opinions of the filling personnel. Finally, a formal
questionnaire was developed and distributed. Three main ways to distribute the question-
naire were adopted in Table 3:

Table 3. Three main ways to distribute the questionnaire.

Questionnaire Survey Objects

Ways of Questionnaire Invitation

Corresponding authors in the literature related to the subject from CNKI, WANFANG,

CQVIP, and other core journals

Email

Practitioners and researchers participating in relevant conferences and forums in the

construction industry

Combination of online and offline distribution

The staff of the professional practice base or the previous graduates engaged in the industry ~ Questionnaire link sharing

The main objective was to collect 400 questionnaires, and data collection started on
1 December 2021 and lasted till 31 October 2022, where a total of 372 questionnaires were
collected. The questionnaire data was screened by the missing value test and abnormal
value test, and finally 352 complete and valid responses were retained. Therefore, the
effective recovery rate of the questionnaire was 88%. As the core of BIM technology and
IPD is collaborative work, and in order to be more consistent with the actual situation of
IPD application, only 235 valid questionnaires from respondents with BIM experience were
analyzed in this paper. Moreover, the reliability of 235 questionnaires represents a value
of 0.946; thus, the high sample size and reliability make it possible for further analysis.
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3.3. Fuzzy Set Qualitative Comparative Analysis

FsQCA takes a holistic view and conducts a case-oriented comparative analysis,
where each case is viewed as a configuration of conditional variables [23]. The purpose
of £sQCA is to find a causal relationship between the conditional configuration and the
outcome by comparing different cases and the corresponding configuration that causes
the outcome to appear or not. The concept that the social phenomenon is linked to the
circumstances is considered when taking into account the condition configuration as a
whole. For the cases whose antecedent conditions is n, any antecedent condition includes
two states (present and absent), and the possible configuration number of the logical com-
bination of antecedent conditions is 2". Through fsQCA, the qualified configuration can
be found from 2" configurations. Consistency and coverage are the two main indictors to
reflect the reliability of the results. Consistency refers to the degree of consistency between
the conditional variable or path and the result. Coverage refers to the extent to which a
condition or path subset physically covers the conditions or paths sets.

FsQCA is considered the most appropriate approach for this study [24], as it: (1) Al-
lows for the exploration of conditional (pathways) combinations that combine the obtained
result of specific outcomes. (2) Allows for equivalence, yielding in different paths that lead
to the same result [23]. (3) Distinguishes between sufficient conditions (a single condition
sufficient to predict the outcome), the necessary conditions (which must be included in
each potential pathway to the given outcome), and the INUS (an insufficient but neces-
sary part of a condition which is itself unnecessary but sufficient for the result) conditions
(which are part of one of the possible pathways to the outcome). (4) Allows for asymmetry,
which means that conditions can lead to results and the reverse of condition needs do not
lead to the opposite results [24].

4. Research Findings

After screening the collected questionnaires, this paper carries out the following tests
and configuration analysis on the questionnaire data.

4.1. Test of Data

The test of data aims to verify the reliability of the questionnaire data, demonstrating
that the data can satisfy the requirements for further configuration analysis.

4.1.1. Test of Raw Data

As participants can’t submit the questionnaire unless it is fully filled out, the ques-
tionnaire data has no missing values and outliers. At the same time, the validity of the
15 principles was tested, the overall Kaiser-Meyer-Olkin (KMO) value was 0.944, and the
KMO value of the secondary indicators of three principles was greater than 0.7 [25]. Thus,
the questionnaire is valid, as the data is suited for factor analysis. The survey was also sep-
arated into two stages based on various response years. The years of working in the con-
struction industry and the number of BIM projects conducted by the participant involved
in the two indicators of the chi-square test significant values are larger than 0.05, removing
the potential of non-response bias [26-28]. As a result, the data from the questionnaire
have a high level of validity and may be used for subsequent analysis.

4.1.2. Descriptive Statistical Analysis

The background distribution of respondents was analyzed, as shown in Table 4. Re-
spondents were mainly chosen from construction units, design units, and research insti-
tutions, and the proportion of every unit is relatively balanced and covers a wide range.
Moreover, more than two-thirds of the respondents were engaged in the construction in-
dustry for more than three years and nearly half of them have participated in more than
three BIM projects; respondents with long-term industry experience and sufficient BIM
project experience make their responses have reference significance for related research.
In addition, nearly 90% of the respondents have a strong desire to use BIM technology. As
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BIM is the basis for the rapid development of the IPD, the participants working on BIM
projects and their strong willingness to use BIM have a strong reference for the analysis of
the IPD project collaboration.

Table 4. Descriptive statistics.

Variables Frequency Percentage
Real estate units 21 8.94%
Construction units 73 31.06%
Design units 52 22.13%
Employment units Consulting units 28 11.91%
ploy Supervision units 0 0.00%
Suppliers 1 0.43%
Research Institutions 52 22.13%
Others 8 3.40%
<3 71 30.21%
- - 3~5 34 14.47%
Years of working in the construction industry 5.8 47 20.00%
>8 83 35.32%
1~2 126 53.62%
. . 3~5 42 17.87%
Number of experienced BIM projects 6-10 20 8.51%
>10 47 20.00%
0 1 0.43%
1 7 2.98%
- 2 18 7.66%
Willingness to use BIM technology 3 45 19.15%
4 45 19.15%
5 119 50.64%

4.1.3. Sample Grouping

As can be seen from Table 5, respondents that are inexperienced and unfamiliar with
IPD accounts for 38.3% of the total, respondents who are inexperienced though informed
about IPD accounts for 44.7% of the total, and respondents who are experienced with IPD
accounts for 17% of total. The ratio of respondents’ “familiarity with IPD from low to high”
isabout4:4:2, and most of them either have no direct experience with IPD or are not familiar
with its concept, which is consistent with previous research conclusions [7]. To study the
configuration path of construction project collaboration more systematically and compre-
hensively, in addition to the overall sample analysis of 235 valid questionnaires, this paper
will evaluate the three groups of samples. Through the comparative investigation of mul-
tiple concurrent paths under multiple samples and tracing the antecedent conditions from
the reductionism perspective, this paper will explain the reasons why IPD mode affects the
level of collaboration of the construction projects in a more scientific and reasonable way.

Table 5. Sample distribution.

Variable Frequency Percentage Sample Grouping

Those that are inexperienced and

o
unfamiliar with IPD %0 38.3% !
Respondents * familiarity with IPD Those who are inexperienced though o
. 105 44.7% 2
informed about IPD
Those who are experienced with IPD 40 17.0% 3

4.2. Configuration Analysis

Based on configuration analysis, the necessary conditions and configuration paths of
low degree of cooperation can be found. The robustness of configuration analysis can also
be tested through the robustness test.
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4.2.1. Variable Calibration

In this study, fsQCA was used for analysis purposes. The arithmetic means of the
secondary indexes in Table 1 are taken as three principles’ scores [29], and the higher the
score is, the higher the degree of influence will be. The objective of fsSQCA is to calibrate
and normalize the variables involved in the calculation so that scores can be converted into
fuzzy scores between 0 and 1 to improve the interpretability of the results [30]. In this pa-
per, complete subordination crossing points and complete non-subordination are located
at 5,3, and 1 for the three principles, and 3, 2, and 1 for level of collaboration, respectively.

4.2.2. Necessity Analysis of Single Antecedent Variable

The necessary conditions of a single factor are obtained, as shown in Table 6. Consis-
tency is similar to the coefficient significance degree (p-value) in regression analysis, which
refers to what extent a certain result requires the existence of a certain variable. Coverage
refers to the extent to which a subset physically covers the target set, which is a direct indi-
cator of the empirical importance of antecedent conditions. In fact, when the consistency
is below 0.9, neither sample has a bottleneck, yet there is little collaboration [31,32]. As can
be seen from Table 6, the necessary conditions were absent in both the overall sample and
sample 1. Although in samples 2 and 3, the necessary conditions (contractual principles, be-
havioral principles, and catalysts for IPD in sample 2; catalysts for IPD in sample 3) of low
collaboration levels exist, the low coverage of necessary conditions, less than 0.8, means
that these subsets don’t account for a large proportion of the total. Therefore, the multiple
antecedent conditions need to be combined for configuration analysis in this study.

Table 6. Analysis of antecedents’ necessary condition under multiple samples.

Outcome Variable Condition Variable Overall Sample Sample 1 Sample 2 Sample 3
CY CE CcY CE CY CE CY CE
Contractual Principles 0.88 0.75 0.83 0.79 0.93 0.76 0.89 0.63
~Contractual Principles 0.25 0.89 0.28 0.85 0.22 0.93 0.26 0.92
. Behavioral Principles 0.89 0.75 0.85 0.8 0.93 0.75 0.89 0.63
Low level of collaboration ~Behavioral Principles 0.24 089 027 084 021 095 024 088
Catalysts for IPD 0.88 0.75 0.83 0.79 0.91 0.75 0.9 0.63
~ Catalysts for IPD 0.26 0.91 0.29 0.86 0.24 0.95 0.24 0.93

Note: A sideways tilde ~ indicates the absence or negation of the causal condition. CY indicates the consistency
between the condition variable and low level of collaboration, and CE indicates the coverage between the condi-
tion variable and low level of collaboration.

4.2.3. Conditional Configuration Analysis

In this study, due to the values of samples 2 and 3, multiple antecedent variables
need to be combined for analysis to explore the influence of the combination path on the
outcome variables. The cutoff value for analysis at each sample size was set as follows: the
acceptable number of cases was set at 1, the consistency threshold was set at 0.8 [33], and
the Proportional Reduction in Inconsistency (PRI) was set at 0.7 [34]; thus, the complex
solution, parsimonious solution, and intermediate solution can be obtained. This paper
chooses the intermediate solution and the parsimonious solution to explain the configura-
tion path model: low levels of collaboration (equal to f) (contractual principles, behavioral
principles, and catalysts for IPD). The overall coverage of the overall sample, sample 1,
sample 2, and sample 3 are 0.278718, 0.245517, 0.247738, and 0.279661 respectively, and
the overall consistency values are 0.883432, 0.849868, 0.944798, and 0.884718 respectively.
The combined path interpretability of the four groups of samples is relatively high.

According to the results of fsQCA, among all the antecedent variable combinations,
the results of four sampling size studies show that there are seven obstacles relative to
the low collaboration level in construction projects. In this study, the antecedent variable
configurations are shown in Table 7.

In the overall sample, which includes all respondents, there exist two configuration
paths. Path S1A shows that contractual principles are absent as the core condition, whereas
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behavioral principles and catalysts for IPD have no impact on low collaboration levels.
Concerning the path S1B, it indicates that behavioral principles are absent as the core con-
dition, catalysts for IPD exist as the edge condition, and contractual principles have no
impact on low collaboration levels.

Table 7. Antecedent variables with low collaboration levels under multiple samples.

Configurations Overall Sample Sample 1 Sample 2 Sample 3
S1A S1B S2 S3A S3B S4A S4B
Contractual Principles hae w Ve A
Behavioral Principles * Y b u ] e
Catalysts for IPD ] A ] e u
Raw Coverage 0.253329 0.227442 0.245517 0.214753 0.192206 0.238136 0.237288
Unique Coverage 0.051276 0.025389 0.245517 0.0555323 0.0329853 0.0423729 0.0415255
Consistency 0.890225 0.885845 0.849868 0.953646 0.954388 0.913821 0.893142
Solution Coverage 0.278718 0.245517 0.247738 0.279661
Solution Consistency 0.883432 0.849868 0.9447982 0.884718

Note: Among them, ¢ indicates the absence of the core condition, which indicates the existence of a strong causal
relationship between the condition and the concerned result, and B indicates the presence of the edge condition,
which indicates the weak causal relationship between the condition and the result. A blank indicates that the
presence or absence of this condition has no effect on the level of collaboration [35].

In sample 1, which includes the respondents that are inexperienced and unfamiliar
with IPD, there exists 1 configuration path. Path 2 shows that contractual principles, be-
havioral principles, and catalysts for IPD are all absent as the core conditions for low col-
laboration levels.

In sample 2, which includes the respondents who are inexperienced though informed
about IPD, there exist two configuration paths. Path S3A indicates that behavioral prin-
ciples are absent as the core condition, catalysts for IPD exist as the edge condition, and
contractual principles have no impact on low collaboration levels. Path S3B shows that
contractual principles and catalysts for IPD are absent as the core condition and behav-
ioral principles exist as the edge condition.

In sample 3, which includes the respondents who are experienced with IPD, there
exist two configuration paths. Path S4A shows that contractual principles are absent as
the core condition, behavioral principles exist as the edge condition, and catalysts for IPD
have noimpact on low collaboration level. Path S4B indicates that behavioral principles are
absent as the core condition, catalysts for IPD exist as the edge condition, and contractual
principles have no impact on low collaboration levels.

4.2.4. Robustness Test

In this paper, the PRI threshold was set to 0.75 [36] in the analysis of the truth table
of the four groups of samples. In addition, the robustness test results showed that the
configuration path of the new model for the three samples (overall sample, sample 1, and
sample 2) is completely consistent with the configuration path of the original model. How-
ever, through one of the two configurations of the new model of sample 3, it is completely
consistent with the original model’s S4A, where the other path only replaces the core miss-
ing condition with the misleading contractual principles under the comparison with S4B,
and the overall change of the path is not much, indicating that the research conclusion is
relatively robust [29,31].

5. Discussion

Most of the previous studies were to explore the IPD in well-determined construction
application projects and the impact of the construction factors, as well as to demonstrate
the significance of a single factor. However, there are few studies considering the obstruc-
tion of IPD principles to the collaborative management of construction projects, and the
influencing factors involved are relatively limited. There are also some deficiencies in
the applied method, and the combined influence of multiple influencing factors has not
been considered so far from a configuration perspective. The necessity analysis results do
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not have the necessary conditions with relatively high coverage, and corresponding to the
configuration paths in one sample does not have the same conditional level of necessary
conditions, so necessity analysis has no practical significance for the interpretation of the
final configuration path. In four groups of samples in this paper, under seven concurrent
obstruction paths were obtained by fsQCA. In fact, there are only five different paths ob-
structing the level of collaboration. The first path only consists of the absence of contractual
principles, which are the core condition. The second path consists of the absence of behav-
ioral principles, which are the core condition, and the presence of catalysts for IPD, which
are the edge condition. The third path consists of the absence of three kinds of principles,
which are all core conditions. The fourth path consists of the absence of contractual princi-
ples and catalysts for IPD, which are both core conditions, and the presence of behavioral
principles, which are the edge condition. The fifth path only consists of the absence of con-
tractual principles, which are the core condition, and the presence of behavioral principles,
which are the edge condition. Compared to previous research findings, this paper presents
its outcomes under two main aspects that will be detailed in the next two paragraphs.

5.1. Similar Results to Previous Research

The absence of behavioral principles can hinder significantly construction projects col-
laboration with the presence of catalysts for IPD. The paths S1B, S3A, and S4B in Table 7 are
identical. In these paths, the absence of behavioral principles and the presence of catalysts
for IPD represent the core and the edge conditions that obstruct the construction project
collaboration, respectively. However, the presence or absence of contractual principles
will not obstruct the level of collaboration of construction projects. The paths in samples 2
and 3 indicate that practitioners with IPD experience (and knowledge of IPD) believe that
the catalysts for IPD, without matching behavioral principles, will obstruct construction
projects collaboration regardless of the existence of contractual principles. In addition, the
responses in sample 1 (from participants that do not know IPD) had a certain negative
impact on the path in the overall sample; therefore, the S1B path consistency in the entire
sample was lower than S3A and S4B of the same path.

In addition, the behavioral principles provide rules for the integration, the communi-
cation between parties, and the ability of team members to trust and support each other
through cooperation, which is critical to eliminate the segregated roles of traditional con-
tracting processes to reduce risks [23], increase value to the client, and reduce the amount
of construction waste [37,38]. Moreover, appropriate catalysts, such as BIM and lean con-
struction, which mainly provides a virtual design before the actual construction begins
and enables the project stakeholders to see the building clearly [37,38], are the least impor-
tant factors affecting the level of collaboration of IPD application [7] compared to contrac-
tual principles and behavioral principles. Behavioral principles can remove separations,
consequently improving the collaboration environment that BIM implementation necessi-
tates [39]. Therefore, even if there are catalysts for IPD, such as BIM technology, and if the
behavioral principles cannot be guaranteed, it is difficult for construction projects under
IPD mode to achieve good collaboration performance.

5.2. Different Results from Previous Research

(1) The absence of contractual principles will obstruct significantly the collaboration
of construction projects. Thus, this absence in path S1A is the core condition to obstruct
the level of collaboration of construction projects. However, the existence of behavioral
principles and catalysts for IPD will not eventually obstruct the construction projects col-
laboration. One of the paths of the overall sample, S1A, reflects that the absence of the
contractual principles at the overall sample level will seriously obstruct the level of collab-
oration of the construction projects. Hence, IPD acting as a collaborative contract approach
changed the basic business and organizational and legal structure of the project to reduce
dysfunction and improve performance [40]. Added to that, contractual principles are of-
ten associated with legal provisions and cannot be undermined to improve integration
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and create a trust-based work environment by decentralizing project risks and outputs to
all construction participants [41]. In addition, referring to the contractual relationships,
early determination of project objectives and early formation of teams are essential keys
to the IPD’s success [6,42] where the principle of shared risk in the contract makes the con-
struction industry more suspicious of the application of IPD [7]. Therefore, the absence
of contractual principles can seriously obstruct the construction projects collaboration by
hindering the mediating effect of IPD application;

(2) The absence of contractual principles can obstruct significantly the collaboration of
construction projects under the assumption of the presence of behavioral principles. Thus,
in path S3b, the absence of contractual principles and catalysts for IPD is the core condition
that deteriorated the level of collaboration of the construction project; however, the exis-
tence of the behavioral principle is the edge condition. As an example, in path S4A, the
absence of the contractual principle and the presence of the behavior principle are respec-
tively the core and edge conditions of obstructing construction project collaboration, as
the presence or absence of catalysts for IPD will not hinder the level of construction project
collaboration. The contractual principles consist the premise that the relationship between
team members becomes reliable, so that they respect each other and cooperate [19,20],
whereas the absence of contractual principles will make the realization of the behavioral
principles’ lack of protection. At the same time, some principles are responsible for some
characteristic improvement [43]. For example, in terms of the team aspect, the shared risk
and reward principle can generate mutual goal achievement [44]. In fact, people who do
not have IPD project experience in China believe that technological tools, such as BIM,
have been applied in actual projects. Thus, the absence of catalysts for IPD will hinder seri-
ously project collaboration, even though practitioners with IPD experience believe that the
presence or absence of catalysts for IPD will not obstruct the level of collaboration of con-
struction projects. In previous research, the practitioners with IPD experience had a higher
ability to use BIM, so they believed that BIM should be applied to IPD projects to promote
better application of the IPD principles [7], fitting with path S3 but contradicting S4A. As
data from the previous research were derived mainly from various US research associa-
tions, and BIM is still not used widely in China [45,46], the background of BIM application
varies so that the appearance of contradictions between this study and previous studies in
the catalysts for IPD is logical. Combined with the current situation of BIM application in
China, the S4A path is more in line with reality;

(3) The absence of contractual principles, behavioral principles, and catalysts for IPD
can complicate significantly the collaboration of construction projects under the premise of
behavioral principles. Thus, path S2 shows that the three principles of IPD are of equal im-
portance (as considered by the participants who do not understand IPD), and the absence
of these three kinds of principles are all core conditions that may obstruct the collaboration
of construction projects. By comparison, it is more necessary to popularize the application
of the IPD concept and its principles in construction projects [7].

6. Conclusions

This paper aims to promote the application of IPD principles to improve the level of
collaboration and efficiency of collaborative management in construction projects. Based
on the bibliometric analysis, this paper summarized the current hot spots of the IPD collab-
oration research field, such as IPD and BIM technology integration application, and the in-
tegration of IPD and collaborative management ideas. Through the proof by contradiction,
the fsQCA method was used to analyze the obstacle configuration path of IPD principles
at the projects’ construction collaboration levels under multiple samples. Therefore, this
paper globes both theoretical and practical contributions.

6.1. Theoretical Contribution

This paper expanded the scope of the IPD collaborative management research field.
Based on the proof of contradiction, this paper studied the constraints of applying the IPD
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principles to the level of collaboration of construction projects and expanded the research
to show the problems of IPD in the field of collaborative management. In addition, this
paper considered the influence of the combination of contractual principles, the behavioral
principles, and the catalysts for IPD on the level of collaboration in project construction.
Additionally, the research methods in the field of IPD collaborative management
were enriched. This paper is result-oriented, as it analyzes the influencing factors
that obstruct the level of collaboration of construction projects from the perspective of
“induction-tracing”. In addition, configuration analysis is an asymmetric analysis, and
it shows that the combination of one or more conditions constitutes the antecedent of a
specific result. Added to that, the nonlinear superposition of causality and the multiple
concurrent mechanisms are considered. Referring to complex system theory perspectives,
this paper analyzed the complex system of construction project with multi-stages, multi-
participants, and multi-management elements, which makes up for the deficiency of
traditional deductive methods in studying causality and improving the research methods.

6.2. Practical Contribution

Based on the results of the configuration analysis, considering the actual situa-
tion of the project, to better implement IPD principles in construction projects and
improve the level of collaboration in construction projects, this paper puts forward the
following suggestions.

Some construction industry practitioners lack understanding of IPD mode, so the con-
cept and related principles of IPD should be popularized in the industry. Appropriately
increasing the familiarity of practitioners with IPD will promote for better application of
IPD in construction projects, and their experience and suggestions can also promote the
pertinence and accuracy of related research.

The contractual principles take priority over the behavioral principles. The absence
of the first principle will obstruct seriously the collaboration performance of IPD mode
projects; thus, ensuring that the contractual principles can be met first when the IPD mode
is applied to construction projects is of major importance. The contractual principles guar-
antee that the participants in a construction project are connected on an equal footing, es-
tablish common standards for the project objectives, and share risks when they arise. The
satisfaction of the contractual principles is the basis of the realization of the behavioral
principle. The willingness to cooperate and mutual respect and trust are based on the
contractual principles.

The behavioral principles take precedence over the principle of catalysts for IPD. The
absence of the behavioral principles will restrict the collaboration performance of IPD
mode projects. Thus, ensuring that the behavioral principles can be satisfied when the
IPD mode is applied to construction projects is very important. The realization of the be-
havioral principles means that the project participants can reach the goal of cooperation
based on respect and trust and create the premise for the implementation of the catalysts
for IPD, such as the co-location of team and the multi-party agreement.

6.3. Limitations and Future Research Directions

This study still has the following limitations: (1) The original data came from the
questionnaire, which may have subjective bias; thus, future works can try to use practical
engineering cases to study the obstructing influence of IPD principles on the level of col-
laboration in construction projects. (2) The sample data of multi-contrast is limited; thus,
future works can enlarge the investigation scope and the sample size so that the research
results can adapt to a wider range of research objects and improve the pertinence of the re-
search results. (3) In this study, the proof by contradiction is used to study the obstructed
path of contractual principles, behavioral principles, and catalysts for IPD to define the
level of collaboration in construction projects under IPD mode. However, future works
can explore the configuration path at high levels of collaboration in construction projects
under IPD mode.
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Appendix A. Questionnaire on the Influences of IPD Principles on Collaboration
Level (I) [English Version]

Dear experts/professionals,

Thank you very much for taking the time to participate in this questionnaire. Thank you for your support and help.
This questionnaire is only for academic research, and does not have any commercial use, nor will it disclose any of
your privacy. We will obey the requirements of information confidence, and the questionnaires are anonymous. Please
feel free to fill in the anonymous questionnaire! Your selection has a decisive impact on this study. Therefore, please
spare your precious time in your busy schedule to answer the relevant questions of this questionnaire and correct the
shortcomings. Thank you for your support and wish you a happy work!

Part 1 Basic Information

1. What is your age? ()
O 20~25 years old O 26~30 years old O 31~40 years old O 41 years old and more
2. What is your educational background? ()

O junior college and O undergraduate O master’s degree O doctor’s degree or above
below

3. What's your professional title? ()
O junior O intermediate O senior O others
4. What is your employment unit? ()

O real estate units O construction units O design units O consulting units
Osupervision units O suppliers O research institutions O others

5. How many years have you worked in the construction industry? ()

O less than 3 years O 3~5years O 5~8 years O 8 years and above

6. How many BIM projects have your experienced? ()

O never O 1~2 O 3-5 O 6~10 O more than 10
7. What is your willingness to use BIM technology? ()

oo O1 O 2 O3 O 4 O5
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Part 2 IPD Information Survey

Integrated Project Delivery (IPD) is a project delivery approach that integrates people, systems, business struc-
tures, and practices into a process that collaboratively harnesses the talents and insights of all participants to optimize
project results, increase value to the owner, reduce waste, and maximize efficiency through all phases of design, fab-

rication and construction.

1. How familiar are you with IPD? ()

O those ~who are O those who are inexperienced, though O those that are inexperienced and
experienced with IPD informed about IPD

unfamiliar with IPD

2. Based on your experience in the BIM project and the implementation of the actual project, what do you think is
the impact of the following IPD principles on information collaboration? (')

Key participants bound together as equals
Liability waivers between key participants
waivers

Early involvement of key participants

Fiscal transparency between key participants
Jointly developed project target criteria
Shared financial risk and reward based on
project outcome

Intensified design

Collaborative decision-making

Mutual respect and trust

Willingness to collaborate

Open communication

Multiparty agreement

BIM

Lean design and construction

Co-location of team

Very
negative

More No More Very
negative effect positive positive

3. What stage of collaboration do you think our industry is in now ()

O Required (Collaboration

O Typical (Collaboration not O Enhanced (Some contractual . .
. . . required by a multi-party
contractually required) collaboration requirements)
Contract)
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Abstract: Planned Preventive Maintenance (PPM) and Unplanned Maintenance (UPM) are the most
common types of facility maintenance. This paper analyzes current trends and status of Facility
Management (FM) practice at higher education institutions by proposing a systematic data-driven
methodology using Natural Language Process (NLP) approaches, statistical analysis, risk-profile
analysis, and outlier analysis. This study utilizes a descriptive database entitled “Facility Management
Unified Classification Database (FMUCD)” to conduct the systematic data-driven analyses. The
5-year data from 2015 to 2019 was collected from eight universities in North America. A preprocessing
step included but was not limited to identifying common data attributes, cleaning noisy data, and
removing unnecessary data. The outcomes of this study can facilitate the decision-making process
by providing an understanding of various aspects of educational facility management trends and
risks. The methodology developed gives decision makers of higher education institutions, including
facility managers and institution administrators, effective strategies to establish long-term budgetary
goals, which will lead to the enhancement of the asset value of the institutions.

Keywords: facility management; classification code; higher education institutions; planned preventive
maintenance; unplanned maintenance; natural language processing; database; quantitative analysis

1. Introduction

“APPA—Leadership in Educational Facilities” defines maintenance as a combination
of all the technical administrative actions taken during the service life of a building to retain
its parts and functions [1]. Higher education institutions consist of different varieties of
buildings in a large number compared to other organizations, which requires a more diverse
approach in operational maintenance [2]. Planned Preventive Maintenance (PPM) is one
of the maintenance strategies that aims to increase the reliability or lifespan of equipment
as time-based or condition-based; it refers to a proactive approach to maintenance in
which maintenance work is scheduled to take place regularly [3]. Unplanned Maintenance
(UPM) occurs on a random basis as reactive or emergency maintenance. An unexpected
component (or equipment) failure can cost a significant amount of money or time to restore,
which results in uncertainty in budget allocation in the facility management [4,5]. A study
published by APPA identified a major problem in the facilities management for university
premises in North America; there is a lack of planning to adequately fund FM activities
in the entire building life cycle [6]. Another study identified that $26 billion are needed
to fix the accumulated deferred maintenance backlog (DeM) caused by the inability to
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fund capital renewal/replacement of building equipment, and $5.7 billion are required to
handle more urgent DeM [7]. As a result, insufficient facility maintenance, including DeM
and UPM, have accelerated facility deterioration at most campus-sized institutions in the
United States [7]. A study conducted in-depth interviews of 37 FM directors from Canada
and identified that deferred maintenance of campus buildings resulted from declining
financial aspects with growing institution size and concluded that there were insufficient
funds, staff, and other resources to repair and maintain the built environment of campuses
sufficiently [8].

Based on a case study [9], it was found that there is a need to improve communication
between the university level facility maintenance and individual facility maintenance
managers to track and implement programs, reduce redundancy, and strategically plan for
the building as part of the overall campus. Unfortunately, the lack of a study exploring the
status of PPM and UPM in the campus-scale higher education institutions is the primary
barrier towards effective facility management. In addition, it remains unclear how the
current standpoint can be analyzed based on quantitative and data-driven approaches.
Therefore, there is a critical need to explore the current status of FM based on data-driven
analyses.

In this context, this study analyzes the FM practices in the North American univer-
sities, with a particular focus on both PPM and UPM, based on the proposed systematic
methodology. The objective was achieved via the following four steps. First, a survey was
designed, distributed to facility managers at universities, and the results were analyzed to
investigate the current status of PPM. Second, phone interviews were conducted to under-
stand the overall FM practice. At this stage, natural language processing techniques (topic
modeling and sentiment analysis) were used on the interview transcripts as an exploratory
approach. Third, a database was developed based on the facility management data (e.g.,
work orders and labor hours) collected from eight universities. Fourth, three quantitative
analyses (statistical comparison analysis, risk-profile analysis, and outlier analysis) were
performed to analyze the database and identify critical information associated with PPM
and UPM.

The results of this study are expected to facilitate the decision-making process of
educational facilities by providing an understanding of various aspects of educational
facility management trends and risks. It can allow administrators of higher education
institutions (e.g., facility managers) to implement effective FM strategies systematically to
establish long-term budgetary goals, which will lead to the enhancement of the asset value
of the higher education institutions.

2. Background and Related Studies
2.1. Planned Preventive Maintenance (PPM) and Unplanned Maintenance (UPM)

PPM and UPM are two well-established approaches in the facility maintenance domain.
A study proposed that PPM is carefully prepared in advance as it is done at scheduled
times and is expected to be very efficient [3]. PPM is also defined as pro-active, where
planning and execution of maintenance work are carried out in anticipation of the failure
of facility [10]. Another study speculated in their case study that PPM can reduce the
demand for correction [11]. Preventive Maintenance (PM) and planned maintenance are
two primary components comprising PPM [1]. PM is a type of facility maintenance that
increases the reliability or lifespan of a building and equipment is performed through
periodic inspection, lubrication, and minor replacements [1,4,12]. Planned maintenance is
a pre-determined job procedure that documents labor, materials, tools, and equipment to
perform the task before implementing maintenance work [1].

In contrast to PPM, UPM is the work performed as the direct result of equipment fail-
ure. Since equipment failure occurs randomly, controlling UPM occurrences is a challenging
task. A study reviewed maintenance definition for maintenance, repair, and replacement
(MR&R) types, where UPM includes service calls, emergency responses, and unantici-
pated tasks [5]. UPM is also defined as reactive or emergency maintenance which leads
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to high maintenance costs [4]. Within UPM, reactive maintenance is a type of work done
immediately after a failure to bring an asset back into operation [1]. Figure 1 illustrates
the hierarchical structure of facility management as per operations & maintenance (O&M)
defined by APPA [1].

Annual
Resource

Allocation

Unplanned Planned Preventive Deferred Not-
Maintenance Maintenance Maintenance Moo
(UPM) (PPM) (DeM) ;
4 N N ™
*Corrective Reactive Planned Preventive
Mamtenance Maintenance Maintenance Mamntenance
o | AN | 4\ | v
( = N et A e N Routine M Deferred Events/
i Y e a Corrective/ Custodial/
o e ¢
Recurmng/ Warranty/
. e Backlogs/ Delivery/
Unscheduled *Corrective Predictive SFh it
bk o5 = Renewals/ Moving/
\_ A VAR y/ Demolition Signage

*Note — Corrective Maimtenance can be categorized under both, planned and unplanned maintenance.

Figure 1. Hierarchical structure of facility management [1].

As shown in Figure 1, annual resource allocation for facility management can be di-
vided into four major maintenance categories: PPM, UPM, deferred, and non-maintenance.
PPM consists of planned and preventive maintenance. Planned maintenance refers to
scheduled and corrective maintenance, while preventive maintenance reflects routine and
predictive maintenance. The corrective maintenance can be categorized under both planned
and unplanned maintenance based on APPA [1]. However, corrective maintenance has
been used differently by institutions or facility managers [13-15], this study considered the
corrective to be unplanned maintenance. Reactive maintenance refers to emergency and
unscheduled maintenance. Deferred Maintenance can be divided into many maintenance
types, such as deferred corrective, recurring, backlogs, renewals, demolition, etc. [1,7]. The
non-maintenance work orders include events, custodial work, warranty work, delivery
and transportation of equipment and supplies, signage, banners, etc. This study also
excluded project-based work orders (i.e., renovations) which involve contractors outside of
the facility management.

2.2. Current FM Guideline and FM Computerized Platform

A published guideline supported by APPA, “Maintenance Staffing Guidelines for
Educational Facilities”, focuses on determining the adequate maintenance staff size in man-
aging educational facilities [16]. The guide also established baseline attribute standards for
each maintenance level, which is now widely accepted as an industry standard. Another
published guideline, “Operational Guidelines for Educational Facilities—Maintenance,
second edition”, introduced maintenance operations that offer best management prac-
tices for effective performance in each maintenance department along with the tools of
determining staff levels with several case studies and statistical methods [17]. The staffing
resources were calculated for a wide variety of campus sizes using the ‘Aggregate method’
in each case study. The full-time equivalent (FTE) calculation was performed by gathering
all building-related data, determining staffing factors, selecting adjustment factors (e.g.,
campus age, varied facilities, DeM levels, campus missions, etc.), and applying a simple
formula to get the FTE value. The formula used five adjustments ranging between —10%
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and +10%. Adjustments were made to recognize economies of scale, condition of buildings,
facility age, and campus mission. The adjustments were summed and used to increase or
decrease the initial FTE estimate based on variations from the norm. Equation (1) shows
the formula for FTE estimate.

Adjusted FTE = (14 ) _ factors) * Baseline FTE 1)

A combination of computed FTE can support a work management system and provide
an efficient organizational structure. APPA also introduced the “Facilities Performance
Indicators (FPI)” program, which is based on a survey distributed to hundreds of North
American universities, includes questions associated with facility condition index (FCI),
current replacement value (CRV), energy cost, and age of buildings. The FPI report has
been published every year and contains key information about the current trend and status
of educational facilities. FPI aims to constantly improve the facilities by developing new
tools in the field. Moreover, it provides insights on preventive maintenance programs,
including reduced overtime needs, large-scale repairs, and customer service practices for
improved facilities.

Additionally, the U.S. Department of Education, National Center for Education Statis-
tics (NCES), and National Forum on Education Statistics (NFES) published a guideline,
“Planning Guide for Maintaining School Facilities” [18], to develop, implement, and evalu-
ate a facilities maintenance plan at the school district level. The guideline offers budgets,
planning of school facilities maintenance, and facility audits. It also provides effective
management of staff and contractors and training guidelines of school facilities for the
hired staff.

Lastly, Whitestone Research published a cost reference guideline for facility main-
tenance and repair costs for over 1700 components and their associated maintenance
tasks [19]. The components and tasks listed in Whitestone cost reference follow Uniformat
II classification. The cost reference consists of various tools and critical information of the
life of specific asset components, trade labor hours, historical inflation rate of maintenance
and repair costs, and total cost required to maintain a facility over its service lifetime. The
reference is a huge asset to the facility managers as it provides the estimates of 50-year
maintenance cost profiles for 74 different models, which offers an advantage while creating
budgets and cost estimates.

There are many computerized platforms available in the current market for facilities
management. The platforms/variations of functionality that are applicable to this study [20]
are as follows:

e IWMS: An integrated workshop management system (IWMS) is an all-in-one way to
manage your facility. It includes from real estate portfolio management to floor plan.
This is the most comprehensive tool in facility management;

e CMMS: A computerized maintenance management system (CMMS) focuses solely on
handling facility maintenance requests. Once the MR&R is recognized, the CMMS
coordinates from ticketing requests to delegating and performing the repair activity;

e CAFM: A computer-aided facility management (CAFM) is a platform to manage the
actual workplace in facility management. The system handles floor plan creation,
space utilization, and MR&R. This system is more effective for space management and
accommodation of workers;

e  EAM: An enterprise asset management (EAM) system focuses on asset management.
This system tracks the number of computers and workstations, locations of the copiers,
and printers. It helps facility managers update and manage the current asset and
accounting.

For clarity and simplicity, all four platforms/variations are referred to as CMMS.
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2.3. Facility Management Classifications

The advancement of equipment technologies and constantly evolving products in the
facility domain have opened a new door towards the development of different classifica-
tion systems; they categorize building elements and their related site work based on the
functionality. The most widely used international classification systems in construction and
facilities management include Uniformat II, OmniClass™, MasterFormat®, Uniformat™,
Uniclass, UNSPSC, etc. These classification systems follow international standards, and
facility managers at the universities rely on them to maintain their database, which records
varying day-to-day activities. Table 1 illustrates current FM classification systems based on
their origin, updated year, classification structure, hierarchy levels, a grouping of elements,
and component details.

Table 1. Comparison of the current classification systems [21,22].

e . g s Component
Classification .. Updated Classification Elements h
No Origin Levels . (Detailed/Neutral/Less
System Year Structure Grouping Details/Not Detailed)
1 Uniformat IT North America 1999 Hierarchical 3 Functional Not Detailed
® . . . Mounted ;
2 MasterFormat' North America 2020 Hierarchical 4 Elements Less Detailed
3 Uniformat™ North America 2010 Hierarchical 5 Functional Neutral
4 OmniClass™ North America 2015 Faceted 6 Functional Less Detailed
5 Uniclass United Kingdom 2015 Faceted 4to5 Functional Less Detailed
. . . Mounted .
6 UNSPSC North America 2017 Hierarchical 5 Elements Not Detailed

As can be seen from Table 1, Uniformat IT was developed by ASTM (American Soci-
ety of Testing and Materials) International [23]. It has a hierarchical structure with three
standard levels: major group elements (e.g., substructure, shell, etc.), group elements
(systems), and individual elements (subsystems). However, due to limited sub-elements in
this system, different organizations can highly customize it by adding elements according
to their requirements [22]. MasterFormat®, a product of ‘Construction Specifications In-
stitute” (CSI) and ‘Construction Specifications Canada’ (CSC), is solely based on mounted
elements and has a hierarchical structure with four levels: divisions, sections, elements,
and sub-elements [24]. Similar to MasterFormat®, Uniformat™ was developed by CSI &
CSC, based on functional elements [21,25]. The structure of this classification system is
hierarchical with five levels: categories, classes, two subclasses, and elements. Additionally,
OmniClass Construction Classification System was developed by CSI & CSC [26]; this is
similar to UK-based Uniclass [27] as both cover complete lifecycle classification of facility-
built environment. The structure of OmniClass™ is faceted with six levels, which consists
of work results from MasterFormat® and elements from Uniformat™ [21]. Another clas-
sification system used by the state of California, i.e., United Nations Standard Products
and Services Code (UNSPSC) which is based on mounted elements and its structure is
hierarchical with five levels [28]. The component details criteria, Detailed /Neutral/Less
Details/Not Detailed, compared the specific details present based on component character-
istics provided by Whitestone cost reference [19] such as units, trade, labor details, material
costs, equipment type, task type, etc.

It was observed that the classification structure of four out of six systems were hi-
erarchical and two were faceted or combinatory. A faceted structure is defined as the
categorization of elements under a combination of facets [22]. All the aforementioned
classification systems are used internationally, but most of them are specifically designed
for the construction industry, not for facilities management. The available classification
systems are either based on functionality or mounted elements with less or no details.
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Research Procedure

Techniques

Results

Final Outcome

Therefore, there is a critical need to develop a classification system that includes component
details based on both mounted elements and functionality, which can be suitable for diverse
building types. This study introduces Facility Management Unified Classification Database
(FMUCD) based on functionality and conduct data driven analysis to provide guidelines
the facility management to make an appropriate decision in an uncertain situation at higher
education institutions.

3. Methodology

The objective of this study was to explore the current status of FM practices by estab-
lishing Facility Management Unified Classification Database (FMUCD) and performing
data-driven analysis for facility management in higher education institutions. Figure 2
illustrates the overall research framework. First, the survey questionnaires were distributed
to the universities for data collection. Second, phone interviews were conducted, various
questions about facility management practices were asked, and detailed work order history
data from CMMS were collected from each university. At this stage, NLP analysis (topic
modeling and sentiment analysis) was additionally conducted based on interview tran-
scripts. Third, the database was developed using the collected raw data where all work
orders were classified into different descriptive codes based on the Equipment Naming
Convention; it was designed for this study by integrating the standard classification of ma-
jor grouping elements of building Uniformat II with the elements published in Whitestone
Cost References [19,23]. Lastly, further quantitative analyses were conducted: (1) statistical
comparison analysis, (2) risk-profile analysis, and (3) outlier analysis.

Qualitative Analysis Data Database Quantitative
Survey Interview Collection Development Analysis
1

________ | IS
! Statistical Comparison,
" Analysis ____ i

! NLP Analysis | \

y  (Topic modeling, H 'ﬁ

' Sentiment analysis) | !

| ——— I_ ______ L

*

l PPM Practice ‘ | M Practice }—l FM and UPM
Practice
1

*
Overall FM Practice at Universities in Two Aspects of PPM and UPM f—l

Figure 2. Overall research framework.

3.1. Qualitative Analysis

A survey was conducted to explore the current state of PPM at universities in North
America. The survey, which consists of ten questions, was developed based on five aspects
(process, cost plan, budget allocation, scheduling, and decision making) of PPM. For
example, two survey questions were designed to investigate the current practice and
workflow of PPM in universities. The survey was distributed to facility managers who were
registered as a member of the APPA at twelve universities. When collecting responses from
the universities, the responses with incomplete information were excluded. In addition, out
of a total of ten questions, only five questions were analyzed and presented in this study
because the remaining five questions were related to personal information, data availability,
etc. Table 2 summarizes the five important questions, multiple answers provided for each
question, and the corresponding number of responses.
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Table 2. Survey result.

No Question Answers Responses
n %
Reports generated by CMMS 24 50%
1 How do you evaluate progress of the PPM work ~_ Key Performance Indicator—KPI 15 31%
assignments? Paper reports 7 15%
Other 2 4%
Above scheduled corrective 12 43%
2 Where are PPM work orders prioritized among Dedicated crew for PPM work 8 29%
all work order types? Lowest priority 7 25%
Above critical 1 3%
Work 26 25%
Set-up 21 20%
Clean-up 20 19%
3 What is included in the PPM work order Documentation 15 14%
estimates?
Travel (before the PPM) 13 12%
Travel (after the PPM) 8 8%
Others 3 3%
Prior experience 17 28%
Multiple factors (e.g., guide, prior records) 16 26%
4 How do you estimate PPM worker time? Prior time records 13 21%
Estimating guide (RS Means, Dodge, other) 9 15%
Manufacturer recommendations 6 10%
Prioritization strategy 19 76%
5 Priori-tize how you would improve PPM Additional funding 4 16%
effectiveness
Additional staff 2 8%

Analyzing the survey results led to the following three main observations: First,
the progress of the PPM work assignments was mainly monitored based on the reports
generated by CMMS (No. 1 in Table 2). This suggests that CMMS has been mainly adopted
by at least half of the facility managers in universities in order to automatically monitor
PPM work progress. Second, work, set-up, clean-up, and documentation were identified as
the most significant four factors included in the PPM work order estimates; they accounted
for 78% of the responses in question No. 3 in Table 2. Third, it was found that most of the
university facility managers (76%) responded that the prioritization strategy is the most
critical component to improve the effectiveness of the current PPM practice, as illustrated
in question No. 5 in Table 2.

Phone interviews were conducted to understand the current status (e.g., types of
management systems, maintenance components, and data recorded) of facility management
and investigate practical issues in higher education institutions (i.e., universities) in North
America. Compared to the survey analysis illustrated in the previous section, the focus of
the interview was on exploring the overall FM practice, not being limited to the PPM. A
flyer was created and distributed to facility managers who were registered as a member
of APPA at thirty-five universities. As a result, twelve participants were recruited for a
phone interview which was conducted from November 2019 to January 2020. A total of
thirteen questions (three for planning and definition, six for data quality and variables, one
for prioritization, and three for methodology) were developed and asked to respondents
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during the interview. (Additional survey questions can be developed in the future for a
more comprehensive understanding of the current status of facility management practice
at universities.) The phone interview took approximately 30 min, and each interview was
recorded and transcribed digitally.

In this study, seven interview questions were excluded for further analysis since
they were associated with definitions of terminologies, willingness to offer raw data, and
personal information. As a result, responses to the remaining six important questions were
analyzed and presented in Table 3.

Table 3. Phone interview result.

Responses
No Question Answers (N =12)
n %
Schedule maintenance 5 42%
1 Do you have an organized maintenance plan? PPM 5 41%
System/Subsystem 2 17%
Uniformat 5 42%
) How do you classify the building systems and MasterFormat 4 33%
components? OmniClass 2 17%
Other 1 8%
3 Is each maintenance task performed on an Yes 7 58%
individual component tracked? No 5 42%
End of activity 7 58%
4 When do you record work order information? End of shift 5 42%
Mid-shift 0 0%
Craft/Technician 10 83%
5 Who records work order? Supervisor 2 17%
Office clerk 0 0%
Electronically/CMMS 9 75%
6 Where is the data recorded? Both 2 17%
Manually /Papers 1 8%

It was observed that scheduled maintenance (42%) and PPM (41%) were two major
organized maintenance plans adopted in most universities. Within each university, build-
ing systems and components were classified based on Uniformat (42%) and MasterFormat
(33%). The maintenance task was performed on an individual component tracked. Addi-
tionally, it was found that a work order was mostly recorded at the end of the activity (58%)
by the technician (83%) using CMMS (75%). The result of the interviews is assumed to
reflect the recommended practices of the operation perspective in the facility management
at the referenced higher education institutions.

3.2. Data Driven Analysis for Qualitative Data

Two natural language processing (NLP) techniques (topic modeling and sentiment
analysis) were applied to the collected interview transcriptions containing a significant
amount of textual data (over 50,000 words) to reveal important latent information that was
not able to be captured during the interview. NLP techniques have been increasingly used
as a quantitative method to derive meaningful insights such as keywords [29], topics [30],
and sentiment [31] from a set of textual data (e.g., transcripts) obtained from the interview.
Previous studies have demonstrated the efficacy and potential of applying NLP techniques,
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addressing limitations (e.g., time-consuming, subjective, and error-prone) that reside in
qualitative approaches such as interviews and surveys. In other words, conducting NLP
analysis provides an opportunity to find unexpected observations or insights based on
semantic and syntactic similarities that can be observed within textual data comprising
interview transcriptions.

Raw data, interview transcriptions, from 12 universities were preprocessed through
the following steps: removing stop words (e.g., “the”, “am” and “a”) and noises (e.g.,
blanks and punctuation), word stemming, and tokenization.

Latent Dirichlet Allocation (LDA)—one of the well-established topic modeling
approaches—was adopted to identify keywords and prevalent topics in the interview.
LDA allows for identifying patterns that can be observed within textual data without a
tedious labeling process [32]. In general, LDA produces a couple of topic groups, each
of which consists of corresponding keywords. Labeling topic group (naming) relies on
human interpretation and judgment [33]. As a result, two topics were identified based on
the semantic similarity of keywords in Table 4, which implies that the focus of respondents
during the interview was on two aspects of PPM and the maintenance system. Another
interesting observation was that Archibus, an integrated platform system for infrastructure
and building management [34] frequently appeared during the interviews, which suggests
that it was one of the most widely used software in the universities.

Table 4. Topics and keywords identified from the interview.

No Topic Keywords

Maintenance, plan, work, preventive, evaluate, worker,

1 PPM frequency, critical, year, order, asset, schedule, fix

PMS, system, work, zone, order, equipment, time,

2 Maintenance system .
Y Archibus, record, manager, worker

Sentiment analysis was further conducted to identify the facility managers” degree
of positiveness or negativeness towards the use of PPM. Note that it was assumed that
PPM was the main subject of the phone interview since it was identified as the main topic,
as illustrated in Table 4. For the analysis, a large number of tokenized words derived
from the previous LDA analysis were used as input to the well-established pre-trained
Python module, Valence Aware Dictionary and sentiment Reasoner (VADER) [35]. VADER
allows for quantitatively assessing the level of sentiments for the given texts. As a result, it
provided a sentiment score between 0 and 1, where 0 indicates complete negative sentiment
and 1 denotes complete positive sentiment. The criteria for positive (0.7~1.0), neutral
(0.4~0.7), and negative (0.0~0.4) range was set based on the previous studies [36,37].

The results revealed that five universities (B, E, H, I, and L in Figure 3) responded
that they were using the PPM (No. 1 in Table 3) showed positive sentiment scores. This
finding supports that the universities are willing to adopt PPM with the effectiveness and
advantages of the PPM.
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Figure 3. Sentiment analysis results based on phone interview transcriptions.

3.3. Facility Management Unified Classification Database (FMUCD)

Over the years, higher education institutions in North America have employed many
classification systems (e.g., Uniformat II, Uniformat™, OmniClass™, and MasterFormat®)
to classify building systems, construction, and maintenance activities. As illustrated in
Figure 4, Uniformat I [23] provides a more specific facility management structure with three
levels (level 1-major group elements, level 2-systems, and level 3-subsystems). For example,
in the figure, level 1 includes shell, interiors, services, etc. Regarding “Services” at level 1, it
can be divided into HVAC, plumbing, electrical, conveying, and fire protection. For HVAC
at level 3, it consists of heating, cooling, distribution systems, controls & instrumentation,
terminal & package units, energy supply, etc.

Figure 4. Uniformat II classification [23].

This study established a descriptive code entitled Facility Management Unified Clas-
sification Code (FMUCO) in the database. The purpose of the FMUCO is (1) to compile
the current data from universities to create Mega data and (2) to conduct the data-driven
analysis to explore the current status of the facility management in higher education insti-
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tutions. The FMUCO code is created by combining Uniformat II with generic descriptions
of building components from Whitestone cost reference [19] shown in Figure 5.

Uniformat (System/Subsystem) ‘Whitestone (Component)

SystemCode | SystemDesc | SubsystemCode | SusbsystemDesc | DescriptiveCode| ComponentDesc
D10 | Conveying DI010 | Elevators & Lifts |—oiol0ELG Elevalor Gesvsd
D1010WCL Wheelchair Lift
5 D2010DRF Drinking Fountain

D20 Plumbi D2010 Plumbing Fixti

umine i iy D2010EEW | Emergency Eye Wash

D3010FOP Fuel Qil Pump

D30 HVAC D3010 Energy Su
B SUPPY [~ 5301005T) | Oil Storage Tank

D30 10 1}

] s

HVAC  Energy Supply (GBI TCRETT

*D3010PPM: If a component is not defined by Whitestone,
*D3010UPM: If a component is not defined by Whitestone

Figure 5. Facility Management Unified Classification Code (FMUCO).

As illustrated in Figure 5, the proposed descriptive code is composed of an 8-digit code;
the first three digits describe the system code, the next two digits define the subsystem, and
the last three digits are the abbreviation of the component description. The FMUCO has
543 descriptive codes, new elements can be added in the future. This classification method
permitted the collected data for each university, which varied significantly in terms of data
type, data points, and data attributes (e.g., work order description, cost information, labor
hours, etc.), to be managed for the study. Data preprocessing was performed to develop a
structured and organized database shown in Figure 6. This preprocessing step included but
was not limited to identifying common data attributes, cleaning noisy data, and removing
unnecessary data.

thlUniversity

UniversitylD)
UniversityName
BuildingID

Il

thlBuilding thiSystem thlSubSystem thlIComponent thIWorkOrder thlCost
— BuildinglD SubsystemCode FMUCOCode T+ FMUCOCode WoID
BuildmgName SystemCode J— SubsystemDescription ._]— ComponentDescription wWoID LaborCost
SystemDescription FMUCOCode WODescription MaterialCost
SubsystemCode WOPriority OtherCost
WOStartDate TotalCost
WOEndDate
WODuration
PPALUPM thlLabor
WoID
LaborHour
thIMR&R
— FMUCOCode
Maintenance
Repair
Replacement

Figure 6. FMUCD structure.

3.4. Quantitative Analysis

The database developed for this study allowed identification of critical information
and risks involved in the facilities management at the component level. Three types of
data-driven approaches were adopted for quantitative analysis: (1) statistical comparison
analysis, (2) risk-profile analysis, and (3) outlier analysis. Statistical comparison analysis (1)
was conducted to explore the current trend of PPM and UPM for the referenced universities.

179



Buildings 2022, 12, 2094

At this stage, the ten systems (e.g., HVAC, electrical, plumbing, conveying, fire protection,
etc.) were compared to identify the highest number of work orders and labor hours
associated with PPM and UPM at the system level. (2) Risk-profile analysis was conducted
on the top three systems to distinguish the risks in the subsystem level of UPM. The risk
profiles for top systems aimed to provide basic knowledge to the facility managers about
the subsystems with a high probability of getting a UPM work order. The outlier analysis
(3) was conducted to identify components with a high risk of generating UPM work orders.

3.5. Data Driven Analysis for Quantitative Data: Statistical Comparison Analysis

The statistical comparison analysis was performed on the developed database to
explore the current trend in PPM and UPM shown Figures 7 and 8. As can be seen from
Figures 7 and 8, the bar charts indicate the annual average numbers, i.e., the five-year trend
of PPM and UPM with work order counts (WO) and labor hours (LH) per million square
feet (MSF) at eight universities for the years 2015 to 2019.

Average PPMWO per MSF Average PPM LH per MSF
5
5,000 4291 4299 20,000
1,000 i £16000 5528 40080 3977.0
€ 4 X \278. 1 4
E 3318 = A6 12,3934
C3oo0 2740 E 12,000
2
Z 2,000 5 8000
£ =
& 1,000 : 4,000
L] 0
2015 2016 2017 2018 2019 2015 2016 2017 2018 2019
Year Year
(a (b)
Figure 7. Five-year trend of PPM: (a) Work Order Counts; (b) Labor Hours.
Average UPM WO per MSF Average UPM LH per MSF
4,000 12,000
. & 10,232.0 9,503.0
g 3.000 2,633 2 9.000 5 :
E 2,552 2333 2,443 63 2,493 2 7.815.1 70744 7.813.2
H
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& Looo & 3000
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2015 2016 2017 2018 2019 2015 2016 2017 2018 2019
Year Year
(a) (b)

Figure 8. Five-year trend of UPM: (a) Work Order Counts; (b) Labor Hours.

Comparing the five-year trend of PPM and UPM revealed that, the PPM recorded an
average of 3725 work orders, while there was an average of 2491 UPM work orders during
the given period. Similarly, the average PPM labor hours were 13,935.5 and the average
UPM labor hours were 8487.5. As deterioration of buildings is considered, although the
budget for PPM has been increased, it is revealed that the budget for UPM has remained
consistent. Therefore, such a finding will be able to utilize as a guideline for facility
managers or decision makers to allocate the budget for the PPM and UPM. Figures 9 and 10
illustrate the number of work orders and labor hours at the system level for the entire area
maintained. The annual average work order count and labor hours of ten systems were
investigated for PPM and UPM.
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Figure 9. System-level comparison of the PPM: (a) Work Order Counts; (b) Labor Hours.
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Figure 10. System-level comparison of the UPM: (a) Work Order Counts; (b) Labor Hours.

As can be seen from Figures 9 and 10, HVAC was identified as the most significant
system resulting in the highest number of work orders and labor hours every year, followed
by electrical, fire protection, and plumbing systems in the PPM, while the HVAC system
again was identified as the most critical system resulting in the highest number of work
orders and labor hours, followed by plumbing, and electrical systems in the UPM. Although
work order counts for the top two systems are similar, HVAC (4874) and plumbing (4870),
HVAC consumed significantly higher number of labor hours in both PPM and UPM.
Additionally, interior construction, interior finishes, and furnishings are also identified to
be on the higher side compared to PPM whereas conveying systems and exterior enclosure
generated lower UPM work orders.

3.6. Data Driven Analysis for Quantitative Data: Risk Profile Analysis

The risk-profile analysis in facilities management can be defined as the assessment of
the inoperability of building equipments. A study conducted the severity analysis of Indian
coal mine accidents with the historical data of 100 years with Weibull and Exponential
distributions for evaluating hazard rate functions; whereas Poisson and Negative Binomial
distributions for risk profiles of mine accidents [38]. To compare which distribution fits
best to the data, a recent study analyzed the robustness of different methods of comparing
fitted distributions such as AIC (Akaike Information Criterion), BIC (Bayesian Information
Criterion), LRT (log-likelihood ration test), etc. [39]. AIC and BIC measure the performance
of the models based on their complexity. AIC is a prediction error estimator which prevents
overfitting of data whereas BIC penalizes the model more based on the number of parame-
ters. While comparing the AIC and BIC, lower scores are preferred and both information
criteria are used for appropriate model selection, and it can also be used for distribution

181



Buildings 2022, 12, 2094

selection [39]. The Negative Binomial (NB) distribution for a discrete random variable (X)
can be calculated based on Equation (2) [40]:

P =) = (24 )ra-pr @

wherex =7,7+1, ..., prefers to the independent Bernoulli trials, r is a fixed integer. From
Equation (1), it can be said that X follows NB distribution at which rth success occurs. The
parameters of NB fit are denoted by the number of successes (r) and event probability (p).

In this study, survival function risk profiles were developed to identify the high
probability of getting a UPM work order at the subsystem level. Risk-profile consists of
three steps: (1) Data mining, (2) Distribution fitting, and (3) Generation of the survival
function risk-profiles. The data mining (1) is to select the appropriate data points from
the raw data. The distribution fitting (2) is to find appropriate probability distributions by
calculating AIC and BIC scores. The last step is generation of the survival function risk-
profiles (3) where, the top three systems (HVAC, electrical, and plumbing from Figure 10)
with their respective subsystems (e.g., heating, cooling, distribution, etc. for HVAC),
identified to distinguish the risks in the UPM. As a result, Table 5 shows the comparison
of distribution fits for the systems and subsystems based on AIC & BIC scores. The
distribution fitting and comparisons were performed using R-programming.

Table 5. Goodness-of-fit of distributions for systems and subsystems.

Negative Negative

System Subsystem R[;;tgae Poisson AIC  Poisson BIC Bixx)llgial Bil;;ullgial Sucljeos.sgfs ® Evel‘(l:) )Prob.
Total HVAC 1 to 1023 51,684.54 51,689.29 9325.54 9335.03 1.2583 0.0130
Heating 0to 184 13,351.13 13,355.87 5510.13 5519.62 0.4350 0.0453
HVAC Cooling 0to 118 11,943.97 11,948.72 4509.96 4519.45 0.3058 0.0505
Distributions 0 to 153 17,653.43 17,658.18 6981.43 6990.92 1.1479 0.0489
Terminal Units 0 to 200 16,133.57 16,138.31 6121.44 6130.93 0.5614 0.0414
Controls 0 to 440 26,742.70 26,747 44 7761.73 7771.22 0.9742 0.0264
Total Plumbing 0 to 566 47,664.31 47,669.06 9334.98 9344 .47 1.6313 0.0157
Fixtures 0 to 497 43,823.68 43,828.42 8801.60 8811.09 1.1198 0.0160
Plumbing Domestic 0to 129 14,114.42 14,119.17 6627.55 6637.04 1.2877 0.0652
Sanitary 0 to 62 8295.90 8300.64 5164.35 5173.84 1.0520 0.1273
Rainwater 0to 19 3023.30 3028.05 2351.56 2361.05 0.3733 0.2628
Other Plumbing 0to 52 5490.91 5495.66 2945.88 2955.37 0.2667 0.1169
Total Electrical 1 to 541 54,697.38 54,702.13 9205.89 9215.38 1.1549 0.0132
Service 0to 81 8876.86 8881.61 4844.37 4853.86 0.6360 0.0967
Electrical Lighting 1to0 393 43,445.45 43,450.20 8577.99 8587.48 0.9948 0.0169
Communications 0 to 141 15,373.17 15,377.91 6454.95 6464.44 0.9544 0.0567
Other Electrical 0 to 208 10,382.39 10,387.14 2933.79 2943.28 0.0483 0.0177

Table 5 shows that NB distribution fits the data best based on lower AIC & BIC scores.
The table also shows the NB fit parameters (r and p) which were used to generate the risk
profiles of the individual systems as well as their subsystems. Figure 11 illustrate the results
of the survival function risk profiles for HVAC, plumbing, and electrical systems.

The risk-profiles are presented in Figure 11 where the x-axis represents the number
of work order occurrences in a year for a building and y-axis represents the probability of
inoperability. The probability of inoperability refers to all the occurrences which hindered
the operation of the building elements. The probabilities for each occurrence were calcu-
lated for the x-axis ranging from 1 to 100. Each plot represents the probability of all major
subsystems of a respective system with 850 data points of the top 25 buildings with most
UPM work orders were identified for each of the eight universities for 2 to 5 years. As can
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be seen from Figure 11a, the controls & instrumentation resulted in highest inoperability
probability as HVAC control panel, airflow and thermostat adjustment requests are very
frequent in a building. Distribution systems resulted in the second most work order gener-
ating subsystem with repair requests as it is comprised of components like air handlers,
fans, filters, ventilation, etc. Terminal & package units and heat generation systems were
found to generate moderate number of MR&R requests with cooling generation systems
being the lowest probability of generating UPM work orders. In Figure 11b, plumbing
fixtures resulted in the highest probability of inoperability in plumbing systems. The key
components in fixtures are sink, toilet, shower, bathtub, etc. Domestic water distribution be-
ing the second most prone subsystem followed by sanitary waste. Rain water drainage and
other plumbing systems resulted in low inoperability probability. Additionally, Figure 11c
illustrates that lighting and branch wiring subsystem dominated the system in terms of
inoperability in electrical systems. Communications and security being moderate in terms
of work order requests followed by electrical service and distributions. Other electrical
system was found to be negligible in terms of UPM work order requests.

HVAC Survival Function Risk Profile

Negative Binomial Distribution

Probability of Inoperability

—_—
-_—
—_——

67 73 T9  BS  91 97
No. of work order occurrences in a year

—HVAC = =Heating ———Cooling === Distribution =———Terminal =— Controls

@

Plumbing Survival Function Risk Profile

~ Negative Binomial Distribution

Probability of Inoperability

1 7 13 19 25 3l 37 43 49 55 61 67 T3 79 85 91 97

No. of work order occurrences in a vear

—Plumbing = = Fixtures

Domestic === Sanitary =———Rain Water == Other Plumbing

(b)

Figure 11. Cont.

183



Buildings 2022, 12, 2094

Electrical Survival Function Risk Profile
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Figure 11. Survival Function Risk Profile for UPM Work Orders: (a) HVAC; (b) Plumbing; and
(c) Electrical.

Interestingly enough, the HVAC work consisted of mostly controls and distribution
systems work orders where controls and instrumentation having only 4 components
(control panel, thermostat, digital controls, and meters) generated adjustment work orders
in majority while distribution system generated more MR&R activities having more diverse
components. On the other hand, plumbing work was dominated by plumbing fixtures and
electrical work primarily consisted of lighting and branch wiring work orders. Considering
the fact that universities spend a great deal of resources doing PPM work in fire protection
which benefited the FM in reducing UPM work significantly but failed to do the same
for other major systems. Therefore, the proposed diverse analyses, including a statistical
analysis and a risk-profile analysis, are necessary to acknowledge the current status of the
facility management from different angles.

Additionally, the outlier analysis allowed for understanding which building elements
require careful consideration when planning PPM work. Out of the top 25 UPM buildings
selected, the outliers from the HVAC system included the exhaust fan, air-conditioner, unit
heater, fan, and thermostat (temperature issues). Similarly, the top components having the
higher risk for generating electrical work orders involved the light fixtures, circuit breaker,
smoke detector, and receptacle. The top outliers for plumbing systems were found to be
toilet & stall, sink, urinals, floor drains, and shower. Table 6 presents the components
recorded for over 100 number of occurrences generated for a building in a year.

As shown in Table 6, thermostat adjustments and issues recorded the highest number
of workorder for a university in a year. This is one of the most requested facility operations
in the buildings. For HVAC, air conditioners, air handlers, and radiators also generate high
work order numbers. For electrical, light changing requests are frequent and changing of
batteries in equipments seems more like routine requests. For Plumbing, sink and toilet
repair requests are the most common request followed by the bathtub and shower enclosure.
As a result, the outlier analysis helps facility managers (1) recognize the components
registering more than 100 work orders in MR&R, and (2) to prepare budget allocation for
facility management.
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Table 6. Outlier components for UPM.

No  Top Component No. of Occurrence System Subsystem Descriptive Code
1. Thermostat 390 HVAC Controls & Instrumentation D3060THE
2. Fluorescent Light Fixture 345 Electrical Lighting & Branch Wirings D5020FLF
3. Sink 232 Plumbing Plumbing Fixtures D2010SNK
4. Battery 207 Electrical Other Electrical Systems D5090BAT
5. Toilet & Wash Basin 180 Plumbing Plumbing Fixtures D2010TWB
6. Air Conditioner 136 HVAC Terminal & Package Units D3050ACO
7. Air Handler 127 HVAC Distribution Systems D3040AHD
8. HVAC Control Panel 127 HVAC Controls & Instrumentation D3060HVA
9. Bathtub & Shower Enclosure 116 Plumbing Plumbing Fixtures D2010BSE

10.  Radiator 103 HVAC Heat Generation Systems D3020RFW

4. Discussion and Conclusions

This study attempted to analyze the current trend and status of Facility Management
(FM) practice at higher education institutions by proposing (1) the Facility Management
Unified Classification Database (FMUCD), and (2) the systematic data-driven analyses:
survey questionnaires and phone interviews, Natural Language Process (NLP) approaches,
statistical analysis, risk-profile analysis, and outlier analysis.

The current trends and status of PPM at universities were mainly identified from the
survey, phone interview, and statistical comparison analysis. The survey revealed that the
progress of the PPM work was mostly monitored based on the Computer Maintenance
Management System (CMMS) reports and four factors (work, set-up, clean-up, and doc-
umentation) were critical for the PPM estimates. Analyzing interview results suggested
that schedule maintenance and PPM were two major organized maintenance plans at
universities. At this stage, the application of NLP approaches found that the focus of the
interview was on PPM, supported by the positive sentiment scores. From the statistical
analysis, it was revealed that although PPM work order count increased over the years,
UPM work orders remains consistent. Therefore, such a finding will be applied to be a
guideline for facility managers or decision makers to allocate budgets for PPM and UPM;
the budget of the UPM can be similar to the last year while, the budget of the PPM can
be increased according to the budget flexibility. Additionally, HVAC was identified as the
most significant system resulting in the highest number of work orders and labor hours
every year in both PPM and UPM.

Findings related to UPM were mostly derived from risk-profile analysis and outlier
analysis. At the system level, the main trades were HVAC, electrical, and plumbing which
generated higher work orders and labor hours. Especially, while distribution systems and
controls & instrumentation in HVAC were found to generate the maximum number of
UPM work orders, lighting and branch wirings and communication & security for electrical,
and plumbing fixtures in plumbing systems were identified as a major proportion of UPM
work. Therefore, the proposed FMUCD and the results of the data-driven analyses will
provide guidelines and best practices for the facility management to make an appropriate
decision in an uncertain situation at higher education institutions. Moreover, the broader
impact of this research is that it would help stakeholders of any campus-sized institution to
develop, operate, maintain, upgrade, and disperse their assets in a cost-effective manner.
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Abstract: Since construction involves many stakeholders and their behavioral risk interaction, which
brings risks to the project construction, it is necessary to strengthen the research on the risk man-
agement of hydropower projects. This study comprehensively considers the characteristics of hy-
dropower project construction and identifies relevant stakeholders to build and improve the stake-
holder behavior risk evaluation index system. On this basis, the social network analysis method is
used to build an evaluation model of stakeholders’” behavioral risk transmission network, identify
core factors and key relationships, analyze the path of behavioral risk transmission, take measures
to cut off the transmission of core factors and key relationships, and test the effect of the risk network
after control. The results show that: the evaluation model can effectively identify the core behavioral
risk factors and key relationships in the construction process. Then, after taking targeted measures
on the core behavioral risk factors and key relationships, hydropower projects are less affected by
behavioral risk factors, and the risk transmission paths are reduced, which reduces the probability
of behavioral risks arising from stakeholders and improves the behavioral governance efficiency of
stakeholders. Applying this research model to the risk management of international hydropower
projects can provide better guidance to the stakeholders and improve the accuracy and effectiveness
of analyzing the behavioral risks of stakeholders in hydropower projects.

Keywords: hydropower projects; social network analysis; transmission path; stakeholder behavioral risk

1. Introduction

The gradual increase in environmental pollution and global warming has made the
energy transition urgent [1,2]. Hydropower is valued as a clean energy source, and coun-
tries have increased the construction of hydropower projects, hoping that this could bring
multiple benefits to them [3]. At the same time, hydropower projects are characterized by
long construction cycles, complex construction procedures, and difficult environmental
proofs, resulting in delays, increased costs, substandard quality, and environmental pollu-
tion risks [4,5]. As the number and complexity of construction projects increase, the extent
of the risk for stakeholders is increasing, and the risk management of hydropower projects
faces serious challenges.

Risk management in hydropower projects mainly includes objective and subjective
risks [6,7]. Objective risk means that it does not depend on human consciousness and
transcends human subjective consciousness, and one can only change the risk and occur-
rence conditions in a limited time and space to reduce its probability of occurrence, such
as: natural environmental risks, technological risks, etc. [6]. With the progress of science
and technology and the refinement of the social division of labor, the probability of ob-
jective risk in hydropower projects is gradually reduced [8]. Meanwhile, subjective risks
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are behavioral risks caused by human factors that can be avoided or controlled by peo-
ple themselves, which now receive more attention [7]. Specifically, stakeholders are the
most active productivity factors throughout the engineering projects, and the complexity
and uncertainty of their behavior may trigger the occurrence of risk events [9,10]. How-
ever, most of the current studies control the occurrence of objective risk events, analyze the
probability of the occurrence of risk events and the resulting losses [11], and have not yet
conducted systematic research on stakeholder behavioral risks. Therefore, how to identify
the behavioral risk factors and key relationships of hydropower project stakeholders is a
worthy research problem for hydropower project risk management.

Stakeholders are not only the sources of behavioral risk but also the disseminators and
receivers of behavioral risk [12]. The cooperative exchange of many stakeholders provides
the path basis for behavioral risk transmission, which makes risk transmission complex
and dependent [13]. In turn, the construction of hydropower projects brings together many
stakeholders and their behavioral risk into a tight network structure, generating behavioral
risk relationships and forming a complex behavioral risk transmission path. Therefore,
the use of the social network analysis method in this study is conducive to restoring the
process of influence between behavioral risks, analyzing the degree of influence between
behavioral risks, and clarifying the transmission path between behavioral risks, which is
of great significance for improving the efficiency of stakeholder behavior governance.

2. Literature Review
2.1. Project Risk Management

The risk management framework for engineering projects mainly includes risk identi-
fication, analysis, assessment, and control [14]. Risk evaluation studies on internal factors
such as the construction schedule, cost, and quality of hydropower projects are currently
conducted through this framework [15-17]. At the same time, the social environment exter-
nal risk control is also one of the elements of successful hydropower project construction,
including social risks and environmental risks, such as policy changes, natural disasters,
etc. [18-20]. However, only considering the evaluation of risks such as the schedule, cost,
quality, and social environment is not comprehensive enough, and scholars continue to
explore the research on the risk management of hydropower projects in terms of organi-
zational structure and construction safety [21,22]. From the above analysis, the existing
hydropower project risk management mainly focuses on objective risk studies such as the
schedule, cost, quality, and safety, neglecting the control and prevention of subjective risks
caused by the behavioral risk factors of hydropower project stakeholders, etc.

Thevendran and Mawdesley [23] identify the human risk factor as the most influential
construction risk and emphasize its necessity in project risk management. On this basis,
some scholars have qualitatively analyzed the importance of human risk factors from inter-
nal stakeholders such as owners, contractors, and designers [24-26]. Despite the awareness
of the importance and necessity of stakeholders’ behavioral risk factors, it is far less pop-
ular and in-depth than the traditional risk factor research and lacks systematic behavioral
risk factor identification and evaluation. Some scholars have even constructed their be-
havioral risk factor index systems from internal stakeholders such as owners, contractors,
and designers to quantitatively analyze the impact of behavioral risk on project construc-
tion [27]. However, the behavioral risks of external stakeholders, such as migrants, gov-
ernments, and environmental departments, are not considered, resulting in an imperfect
behavioral risk indicator system. The analysis of the relationship between the behavioral
risks of stakeholders is insufficient. Meanwhile, due to the mutual influence of behav-
iors among stakeholders, some scholars further study the synergy and partnership among
stakeholders in project construction [28-31]. However, behavioral risk relationships are
not integrated into the risk network to analyze the impact of overall relationships on the
construction of engineering projects.
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2.2. Social Network Analysis (SNA)

The method of social network analysis originated from sociology. With “people” as
the core, it analyzes the subjective initiative of individuals in the network and the con-
straints of the social structure on people in the network [32]. In addition to the field of
sociology, psychology, medicine, and finance also widely apply social network analysis to
study the interaction between individual rational choices and collective constraints [33-35].

In recent years, many scholars [36] have introduced SNA into the field of engineer-
ing to study the relationship between individuals and collectives related to engineering
projects. This method is also increasingly widely used in the field of engineering project
management. Lin [37] used SNA to identify the core stakeholders of hydropower projects
but did not comprehensively consider the influence relationship of risk factors among the
stakeholders. On this basis, Herrera, et al. [38] used SNA to analyze the interaction in-
fluence relationship between designer groups and their members in a multidimensional
manner but lacked the analysis of the influence of behavioral relationships between other
stakeholders. Tang, et al. [39] used SNA to explore the cost-risk relationships of stake-
holders in project construction to obtain key cost-risk relationships. Lu, et al. [40] used
SNA to study the organizational structure risk relationship of stakeholders in construction
projects and found that streamlining the organizational structure and improving the effi-
ciency of personnel communication can reduce risk generation. In summary, the current
use of SNA studies engineering project risk relationships from core stakeholders, stake-
holder cost risks, and organizational structure risks, but it does not take measures to pre-
vent the impact of the stakeholder behavior risk relationships generated, which makes it
difficult to achieve the ultimate project risk management goals. Therefore, based on the
analysis of risk relationships related to stakeholders, some scholars use SNA to combine
stakeholder management with risk management, propose preventive measures and mech-
anisms to control the risk relationships generated, and provide a reference for preventing
various types of risks [41,42]. However, this study only considers the advantages and dis-
advantages of risk relationships and takes measures to prevent the impact of risk. The risk
relationship transmission path of stakeholders has not been studied, and there are prob-
lems such as the unclear influence process and the unclear degree of influence when de-
scribing the behavior risk relationship of stakeholders. Therefore, this study uses the SNA
method to build a behavioral risk transmission network for stakeholders of hydropower
projects, analyze the behavioral risks among stakeholders of the project, and determine
the core behavioral risk factors and key relationships. Starting from the risk transmission
path, take corresponding measures to cut off risk factors and relationship transmission and
prevent behavior risk events.

In summary, different scholars have studied engineering project risk management
in terms of objectivity, subjective behavioral risk, and the use of social network analysis.
However, there are still two shortcomings: (1) In the current research on project risk man-
agement, the evaluation index system of stakeholders’” behavioral risks is not improved.
(2) In the existing research on engineering risk management using SNA, the analysis of
the behavioral risk association relationship is lacking. Stakeholders are not embedded in
the network structure to analyze the degree of influence between behavioral risks and the
transmission paths.

Therefore, for the shortcomings of the existing studies, this study will be improved in
the following aspects: (1) From the construction process of hydropower projects involving
many stakeholders and frequent risky accidents. The stakeholders of hydropower projects
and their behavioral risk factors are screened and identified using the literature, interviews,
and questionnaires to improve the behavioral risk evaluation index system. (2) Use social
network analysis to consider the relationship between specific behavioral risk factors, es-
tablish a behavioral risk transmission network, explain the key relationships and diffusion
paths between risks, and take corresponding measures to prevent the occurrence of risks.
The innovations are: (1) Building and improving the project construction stakeholders’ be-
havior risk evaluation index system; (2) Using the social network analysis method to iden-

191



Buildings 2022, 12, 2064

tify core factors and key relationships, analyze behavioral risk transmission paths, and
take measures to cut off the propagation of core factors and key relationships. This study
provides a reference for the related research of hydropower project risk management and
promotes the sustainable development of hydropower project construction.

3. Research Approaches

In this study, the social network analysis method is applied to the project risk man-
agement theory, and an evaluation model of stakeholder behavior risk management for
hydropower projects is proposed. This evaluation model uses social network analysis
tools to visualize the behavioral risk assessment of stakeholders in hydropower projects
and to quantitatively analyze the behavioral risk relationship and impact degree between
individual networks and the overall network. At the same time, after taking measures to
control the core behavioral risk factors and key relationships, social network analysis tools
are used to test the behavioral risk response of stakeholders, and visual and quantitative
analysis is conducted on the behavioral risk after testing. The combination of the social
network analysis method and project risk management theory is conducive to the com-
bination of the qualitative and quantitative analysis of project risk management to better
realize risk identification, assessment, and response evaluation. Moreover, the behavioral
risk relationship of stakeholders is visualized, which is conducive to the project risk man-
agement to clarify the behavioral risk relationship of stakeholders and the specific path of
risk transmission.

The specific steps are as follows: First, identify and determine stakeholders and their
behavioral risks by using a literature review, expert consultation, and other methods, and
list the relevant stakeholders and behavioral risk factors. Second, the behavioral risk re-
lationship of stakeholders is evaluated by a questionnaire and other methods to deter-
mine the behavioral risk relationship and transmission path of stakeholders. Third, the
social network analysis method is used to evaluate the behavioral risk relationship and
transmission path visually and quantitatively and determine the core behavioral risk fac-
tors and key behavioral relationships. Finally, targeted measures are taken to control the
relationship between core behavioral risk factors and key behaviors, and social network
analysis methods are used to respond to the controlled behavioral risk network, as shown
in Figure 1.

-
Social network analysis model for behavior risk factors of stakcholders in hydropower projects |

Risk management

Steps Methods Results

i
i
|
|
|
ation of 1 |
= : = |
Determination of behavior risk |
|

|

|

|

|

|

|

Figure 1. Research model framework.

3.1. Indicators System Construction

This study constructs an evaluation index system for stakeholders and their behav-
ioral risk factors. The steps are as follows: First, preliminarily identify stakeholders and
their behavioral risk factors through literature combing. Second, experts with rich engi-
neering project management practice, scientific research experience, and research work
in hydropower are invited to participate in the identification and classification of stake-
holders and behavioral risk factors, and the information of experts is shown in Table 1.
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Finally, the preliminary identification results are corrected and optimized by comprehen-
sive expert suggestions to determine the final stakeholders and their behavioral risk factors
evaluation index.

Table 1. Experts Information.

Expert Work Unit Position Work Experience (Years) Expert Work Unit Position Work Experience (Years)
1 College Professor 10 6 Supervisor Director representative 8
2 Owners Department manager 7 7 Designer Engineer 7
3 Designer Engineer 6 8 Contractors Project manager 8
4 College Associate professor 8 9 College Lecturer 6
5 Contractors Project manager 6 10 Owners Department manager 8
Stakeholders are broadly defined as individuals, groups, or organizations that may
be affected by the decisions, activities, or outcomes of a project. The purpose is to avoid
the arbitrary or deliberate exclusion of certain stakeholders. Select the literature on the
stakeholder risk assessment of large-scale engineering projects and hydropower projects.
The stakeholders appearing in each work of literature are summarized and counted, and
14 stakeholders are initially identified, as shown in Table 2.
Table 2. Initially Identified Stakeholders.
Stakeholders
Literature
S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14
Lee, et al. [43] Vv 4 Vv — Vv — — — Vv — — — v _
Xia, et al. [44] v v v v Vi v - - X v J - v =
Zhang, et al. [45] v 4 Vv Vv — — — — — - - — _ _
Ding, et al. [46] Vv 4 — — Vv — — — Vv — — NG _ v
Mok, et al. [47] Vv V4 Vv Vv Vv Vi — — — — — — — _
Sadkowska [48] Vv — v Vv Vv v v — — — — — — _
Amadi, et al. [49] Vv Vv Vv — — v — — — — v _ v v
Daniel, et al. [50] Vv Vv Vv Vv — — — v — Vv — — — _
Luo, etal. [51] Vv Vv Vv Vv — Vv v — — — — — — _
Bahadorestani, et al. [52] Vv Vv —_ Vv Vv Vv v v — Vv _ — _ _
He, et al. [53] Vv 4 — Vv Vv — — — — — — — Vv _
Nguyen, et al. [54] Vv 4 Vv — — — v — — — — — — —
Jia, et al. [55] Vv 4 — Vv Vv — — — — — — — — _
Wen and Qiang [56] V4 V4 — V4 Vv — v — — — Vv — — _

51-S14: Owners; Contractors; Subcontractor; Designer; Government; Supplier; Supervisor; Environmental De-
partments; Media; Financial Institution; Research Institutions; Operator; Natives; Consulting Company.

To identify the final stakeholders associated with the project construction of the hy-
dropower project, experts were invited to conduct interviews to clearly explain the defini-
tion of each stakeholder in the initial identification list. The experts were also consulted
on the following issues: whether the names and definitions of the initially identified stake-
holders (Si) were appropriate and whether they needed to be modified; what important
roles the above stakeholders (Si) usually played in a typical project; whether stakehold-
ers (Si) play a role in the construction of the project and whether their actions will have
an impact on the construction of the project; whether initially identified stakeholders (Si)
need to be removed or added, and for what reasons. Based on the results of the above
expert interviews, the stakeholders of the hydropower project construction were modified
and improved, as shown in Figure 2. The stakeholders in the construction of hydropower
projects are identified as the owners (the responsible body for hydropower project con-
struction, which is responsible for project planning, financing, construction implementa-
tion, etc.), the designer (responsible for hydropower project design work), the contractors
(responsible for hydropower project construction, transportation, labor, and other works),
the supervisor (responsible for hydropower project supervision tasks), the material and
equipment suppliers (responsible for providing hydropower project materials and equip-
ment), the government (hydropower project location of government agencies), the immi-
grant (the masses affected by the construction of hydropower projects and involuntary
relocation), and the environmental departments (in accordance with the relevant laws to

193



Buildings 2022, 12, 2064

implement the supervision and management of environmental protection law enforcement
departments), respectively, with S1, S2, S3, 54, S5, S6, S7, and S8.

Process Content Reasons
P aieeawi_ Hydropower projects belong to people's livelihood projects and involve
R UTTURIEE compensation for interests, which causes behavioral risks for immigrants.
— Media —
Financial =3
é Institution s
Research
= | - Institution |- Because the behavioral risks of these stakeholders have little impact on
é ) the project construction, they are not considered.
= Operator
=
= Natives
| Consulting |
company:
_-_ v The conlratLluns broadly includes the gsneral contractor, sub contractors, |
< z tors, etc., so the actors are merged.

Figure 2. Stakeholder Identification Process.

Risk consists of two factors: the uncertainty of the occurrence of the event and the
hazards arising after the occurrence. Therefore, hydropower project stakeholder behav-
ioral risk is defined as the factors that are related to the subjective behavior of stakeholders
in the construction of hydropower projects and have an uncertain impact on the success-
ful achievement of project objectives. Identifying behavioral risk factors is not only a key
step in establishing a behavioral risk evaluation model but is also a basis for effective risk
management. Therefore, the literature studying the risk factors and impact categories of
hydropower projects was selected, the behavioral risk factors appearing in each work of
literature were summarized and counted, and 22 behavioral risk factors were initially iden-
tified, as shown in Table 3.

Table 3. Initially Identified Behavioral Risk Factors.

Factors

Literature

Yang and Zou [57]

Wu, etal.

Barghi and Shadrokh

[58] Yang, et al. [13] Wang, et al. [27] Xiang, et al. [26] Xia, et al. [59] Darvishi, et al. [60] Sikari [61]

HEREEECNRESN RN RN NS

ESS

PPl P r=l=t |

Pl T T=oles =] o] 1=
Jeccl <l T I=alI=<l 1]

EEREE RN NN RN

<IPPErrhrrls=t e
ESASSSS RN ERERREN RSN

<<l LT T=scl=al I=] ]

<

R1-R22: Difficulty in paying funds; Proactive change request; Design changes; Project not delivered on schedule;
The design does not consider ecological protection; Construction costs exceeded budget; Construction quality
not up to standard; Inappropriate construction safety measures; Lack of timely implementation monitoring; Ir-
regular supervision process; Substandard quality; Lack of timely supply of material and equipment; Supply price
adjustment; Policy changes and adjustments; Decision approval and delay; Call off construction; Poor coordina-
tion skills; Create public opinion; Destruction of cultural customs; Poor quality of life; Disrupting construction
sites; Not strictly enforcing environmental standards.

To finally determine the behavioral risk factors of stakeholders in hydropower project

construction, experts were invited to conduct interviews to screen and classify the be-
havioral risk factors of stakeholders. The experts were also consulted on the following
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issues: whether the behavioral risk factors (Rj) are subjective behaviors of stakeholders
(S1); whether the behavioral risk factors (Rj) of stakeholders (Si) themselves are indepen-
dent; whether the behavioral risk factors (Rj) among stakeholders (Si) have a direct im-
pact; whether the behavioral risk factors (Rj) are applicable to the project construction.
Based on the results of the above expert interviews, the risk factors for stakeholder be-
havior in the construction process of hydropower projects are modified and refined, as
shown in Figure 3.

Process Content Reasons
Becision approval snd delxy
Destrve nor .. custon The above factors are not subjecti fors of or =

inapplicable to ihe project construction.

Poor quality of life B

 The owner defaults on compensation due to intentional or other reasons,
cowsing risk factors of immigration behavior.

|

|
_ The designer has not considered the difficuliy of resetilement, and has not _J
analyzed whether ihe reseiilemeni process can meet expecintions.

Pox . —

Initial behavioral risk factors

In order o ic benefits, the losi the
environmental maintenance of the construction site and cansed pallution.

= == T—— __ Immigrants are not satisfied with demolition compensation or do not move
- due to emotional reasons, which may make the project unable to start.

Request for additional environmenially_ The construction will cause pollution, and the environmental department
friendly struci

takes the initiative to request to increase environmental protection facilities.

Figure 3. Behavioral Risk Factor Identification Process.

In summary, a total of eight stakeholders and their corresponding 24 behavioral risk
factors were identified for the construction of hydropower projects, as shown in Table 4.

Table 4. Identification and classification of behavioral risk factors for hydropower projects.

Stakeholders

Behavior Risk Number Behavioral Risk Factors

Behavioral Risk Factors Description

R1

Difficulty in paying funds

Owners are difficult to finance, lack of fund
preparation, and lack of willingness to pay.

Owners (S1)

R2

Proactive change request

May directly lead to a chain reaction in the
construction process and increase the direct and
indirect cost of the project and quality risk.

R3

Untimely compensation for immigrant

Improper immigrants easily cause public
resentment and anger, and there are problems such as
insufficient investment in immigrants.

R4

Design Changes

Incomplete design drawings and lack of
communication with the construction party and
construction unit resulted in changes.

Designer (S2)

R5

Poor immigration planning and design

The difficulty of immigrants has not been
considered, as well as whether it can meet the
expectation of immigration, resulting in backward
work and other problems.

R6

The design does not consider ecological protection

Designers lack environmental awareness or
ignore environmental issues to save costs.

R7

Project not delivered on schedule

Contractors have their own uncertain factors, as
well as the actual construction and the planned
progress of deviation.

R8

Construction costs exceeded budget

The actual construction cost exceeds the planned
cost due to mismanagement, malicious low bids, price
fluctuation, and other reasons.

Contractors (S3)

R9

Construction quality not up to standard

Lax supervision of construction materials and
shoddy phenomena occur, easily causing engineering
quality and safety accidents.

R10

Inappropriate construction safety measures

Without scientific safety production,
standardization, and standardized management of
the site, there are safety risks on the site.

R11

Poor awareness of environmental protection

The environment of the construction site is not
managed, resulting in air, water, and ecological
pollution to the surrounding environment.

R12

Lack of timely implementation monitoring

Delayed supervision of the site and failure to
rectify hidden dangers in time lead to project risks.

Supervisor (S4)

R13

Irregular supervision process

The supervisor and the contractor conspire to
pursue their own interests and lower the project
quality standard.
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Table 4. Cont.

Stakeholders Behavior Risk Number Behavioral Risk Factors Behavioral Risk Factors Description

Use sub-standard materials and equipment
R14 Substandard quality instead of quality standard equipment to provide
maximum benefit to the contractor.

Material & Equipment Material shortage, suppliers do not perform
Suppliers (S5) R15 Lack of timely supply of material and equipment their own responsibilities, and material supply
is not timely.

As market prices rise, suppliers take the initiative
R16 Supply price adjustment to increase the agreed supply price, resulting in
disputes with contractors.

Changes in national laws and regulations and
R17 Policy changes and adjustments other relevant documents cause local governments to
issue the latest policies for governance.

As the project is not up to standard and is in
Government (S6) R18 Call off construction violation of laws and regulations, the government
directly stops the construction rectification.

Due to the lack of capacity of government
R19 Poor coordination skills personnel, the coordination of various parties cannot
be well completed.

Dissatisfied with the immigration plan, the media
R20 Create public opinion and other means are used to protect their rights and
create relevant public opinion.

. Dissatisfied with the immigration scheme, some
Immigrant (57) R21 Disrupting construction sites immigrants may take relatively radical actions to
disrupt the construction site.

Not being satisfied with the compensation or
R22 Not cooperating with demolition emotional reasons for not moving may prevent the
project from starting.

Some law enforcement officials conspire with
R23 Not strictly enforcing environmental standards contractors to pursue their own interests and lower

Environmental environmental enforcement standards.

Departments (S8)

The construction process lacks the relevant
R24 Request for additional environmentally friendly structures environmental protection facilities; the environmental
departments require that it be increased.

3.2. SNA Model Construction
3.2.1. Overall Network Structure

1.  Network density

Network density is a measure of node compactness in a risk network model. The
higher the network density, the closer the connection between nodes, and the overall net-
work structure presents a stable state. The calculation of bivariate directed network density
is shown in Equation (1),the range of D is (0,1) [62].

L
D=——+ 1
n(n—1) &)
where L is the number of relationships between risk factors influencing each other; and n
is the number of behavioral risk factors of stakeholders.

2. Block Model

The block model describes the relationship between actors, represents the relation-
ship between the positions of each actor, reflects the influence relationship between each
block, and makes the influence relationship of the whole behavioral risk network clearer.
The behavioral risk factors of stakeholders in hydropower projects are divided into set dis-
crete subgroups according to certain criteria, which are called “blocks”, and each block is
a subgroup of the whole risk network. Main steps of block model analysis: first, the be-
havioral risk factors of stakeholders in hydropower projects are classified by the CONCOR
method (the iterative correlation convergence method, which iterates the correlation coef-
ficients between each row or column in the matrix and eventually produces a correlation
coefficient matrix consisting of only 1 and —1 to achieve a partitioning of the corresponding
individual actors, thus simplifying the data), and each class is taken as a block to obtain the
block matrix and density matrix. Second, the value of each block is determined according
to certain criteria, i.e., 1-block or 0-block. The criteria used for relationships of different
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natures are different, and the most common is the a- Density index. Compare the density
matrix with the density of the whole network. If the density is greater than the density
of the whole network, take “1” in the image matrix and “0” in the image matrix to obtain
the image matrix. Finally, core blocks are identified by obtaining the block matrix, den-
sity matrix, and image matrix and analyzing the location characteristics of blocks in the
whole network [62].

3. Clustering coefficient

The clustering coefficient reflects the closeness of the whole network. A larger value of
the clustering coefficient indicates that the behavioral risk factors are more closely linked,
the hidden risk is greater, and the likelihood of project failure is greater. Equation (2) is
the calculation process [62].

_ 1 n Ei
€= Z,.; (ki —1) @

where 7 is the number of behavioral risk factors of stakeholders; E; represents the total
number of relationships between stakeholder i behavioral risk factors; k; denotes the num-
ber of stakeholder i-related behavioral risk factors; and k;(k; — 1) denotes the total number
of stakeholders point i behavioral risk factors.

4. Intermediate central potential

The intermediate centrality potential is to measure the gap between the point with the
highest centrality in the network and other points. It tests the ability of a specific point to
control the entire network. The calculation is shown in Equation (3) [42].

n
'Zl (Cmax - Ci)
— =
CB_n3—4n2+5n—2 ®
where 7 is the number of behavioral risk factors of stakeholders; C; is the intermediate
centrality of the stakeholder 7; and Cpax is the maximum of all C;.

5. Accessibility

Reachability refers to a kind of data transferability closed circle that is used to judge
the degree of network connectivity; the higher the value indicates that its risk factors trans-
fer more smoothly. The calculation is shown in Equations (4) and (5) [62].

(A+D#AA+D 4 A+ D) =(A+D)T =Mr<n-1 (4)

=1 (sor172) v

where M represents the reachable matrix; C represents the network reachable; A repre-
sents the adjacency matrix, I represents the identity matrix; V represents the number of
unreachable point pairs in the network; and N represents the network scale.

3.2.2. Individual Network Structure
1. Intermediary

An intermediary is defined as a person in the middle, regardless of whether he re-
ceives a reward. Its function is to group the whole network node and to study how differ-
ent groups transmit through risk factors. To better clarify the definition of “intermediary”,
further understand how to transfer the risk factors of stakeholder behavior. The specific
description is as follows: If the risk relationship transmission path is A—B—C, B is the
intermediary. Specific roles are distributed according to the positions of the three, and cir-
cles of the same color represent the same group. If all three are in the same group, B is the
coordinator; if A and C are in the same group, B is not in the group, and B is the consultant;
if B and C are in the same group and A is not in the group, then B is the gatekeeper; if A and
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B are in the same group and C is not in the group, then B is the representative; if A, B, and
C are in different groups, B is the liaison [62], which is described in Figure 4. The results
of this study selected 35% of the 24 behavioral risk factors as important risk factors [13].

2. Point Median Center Degree

_~ B is the coordinator /?\,}-:1 B is the consultant | i~ B is the gatekeeper
r’/ e 3 \ (B ) i %K}\
N i\S}/I ‘-.l

/

— —_— - S—
— B is the repersentative | _ B is the liaison
= : |
; | ((8))
— TN < > Group Boundaries
{ 0 / ( (;\. Y { o \I { "| - /_ o

Figure 4. Description of the five types of intermediaries.

The intermediate centrality of a point refers to the fact that a point is in a critical po-
sition in the network if it is on multiple interaction paths. The larger the value of a point,
the stronger its ability to control the conduction of other nodes and the more critical the
network position. The calculation is shown in Equations (6) and (7) [63]. The results of this
study selected 35% of the 24 behavioral risk factors as important risk factors [13].

Ci =

\M:

Y bjx(i),j # k # i and,j < k ©)
k

by (i) = gi(i)/ 8k 7)
where gj and gj; (i) denote the number of paths and paths between stakeholders j and k,
respectively; and by (i) denotes the ability to interact between stakeholders j and k.

3. Line Center Degree

The line center degree is the ability to transfer and control risk factors in the network.
Measure the control degree of a line on information. The greater the value, the stronger
the risk control transmission ability. It is calculated in Equation (8) [62]. In this study, 15%
of the line intermediate centrality values higher than 0 risk relations were considered as
critical relations [13].

Coog =3 Y bi(p—q),j#k#p#4q,j<k ®)
j ok

where by (p—¢) represents the ability of the control stakeholders j and k of relation p—q to
communicate; and n denotes the total number of behavioral risk factors of stakeholders.

4. Empirical Analysis
4.1. Research Examples

This study takes the Chongqing JL Hydropower Project as the empirical object. This
project is in Qi Jiang District, Chongging, and involves many immigrants. It is a compre-
hensive large-scale power station hub project focusing on power generation and consider-
ing flood control, water supply, and shipping. The reservoir has a total storage capacity of
5.163 billion cubic meters, a regulated storage capacity of 900 million cubic meters, and a
backwater length of 156.6 km.
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This hydropower project has complex construction procedures, many risk factors, and
many stakeholders with complex relationships, which are in line with the characteristics of
most hydropower projects. It can provide a basis for verifying the rationality and feasibility
of the stakeholder behavior risk transfer network evaluation model for hydropower project
construction [64]. At the same time, the project is in the early decision-making stage, so it is
necessary to carry out risk analysis and prevention in advance for its construction process
in order to reduce the economic losses of various stakeholders and provide a reference for
the construction of other hydropower projects [65].

4.2. Questionnaire Design and Statistical Analysis

The questionnaire content is mainly considered according to the behavior risk eval-
uation index system of stakeholders of hydropower projects. Proceeding from the self-
interest and subjective behavior of various stakeholders, it is mainly based on the construc-
tion period, cost, quality, production capacity, and market. The project construction stake-
holder behavioral risk factor inter-impact questionnaire was applied to the Chongqing JL
hydropower project. The content of the questionnaire only requires the respondents to fill
in the corresponding matrix and identify the possible influence relationship, which greatly
reduces the number of judgments and improves the efficiency and quality of the question-
naire. The questionnaire involves a total of eight stakeholder corresponding behavioral
risk factor influence matrices [66], and the instructions and requirements for filling them
out are shown in Appendix A. (Due to the large number of questionnaires, this paper only
takes the owners as an example, and the questionnaires of other stakeholders are similar.)

The questionnaire data are the basis for constructing the risk network of hydropower
projects. Therefore, before the construction of the major JL hydropower project in Chongging,
269 questionnaires were sent out in the form of email and paper, 249 were returned, and
240 were valid. The valid response rate was 89.2%. The background information of par-
ticipants was shown in Table 5. From Table 5, we can see that: (1) The source of partici-
pant units includes stakeholders selected from the study, in which there are more sample
data of owners, designers, contractors, and governments, while there are fewer sample
data of supervisors, material and equipment suppliers, immigrants, and environmental
departments. (2) A higher percentage of participants had a higher education and a longer
working life. Among them, 93.72% have a bachelor’s degree or above and 77.55% have a
working life of more than 5 years. (3) A total of 88.72% of participants have experience in
hydropower project construction, which indicates that most participants have rich experi-
ence in hydropower project construction.

Table 5. Background information for participants.

Environmental

Unit Source Owners Designer Contractors Supervisor Suppliers Government Immigrants Departments
14.27% 15.73% 28.64% 11.36% 10.56% 12.44% 5.28% 1.72%

Education ]Cu;ﬁ:ge Undergraduate ~ Master Doctor Other
5.59% 64.41% 26.21% 3.1% 0.69%

. <5 years 6-10 years 11-15 years 16-20 years >20 years

Work life 22.45% 405% 27.55% 8.45% 1.05%

Participation in hydropower 0 1 2 3 >4

project construction 11.28% 38.72% 25.88% 13.97% 10.15%

First, construct the “Filler-Fill Results” matrix through 240 valid questionnaires. Sec-
ond, the consistency analysis of the “filler—finisher” matrix showed that the ratio of the
first characteristic value to the second characteristic value was 3.046, which was greater
than the general principal value of 3 [67]. This proved that the collected data had a single
answer mode, and the questionnaire data met the requirements of social network anal-
ysis. Finally, because the relationship in the questionnaire belongs to the single answer
mode, the questionnaire results are sorted according to the principle of the minority obey-
ing the majority, and the adjacency binary directed matrix of the influence relationship
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between the behavioral risk factors of hydropower project stakeholders is constructed.
“1” means that the behavioral risk factors of the row will have an impact on the behav-
ioral risk of the column, and vice versa for “0”. The original data used for analysis are
shown in Appendix B.

4.3. Risk Network Visualization

A visualization of the risk network for stakeholder behavior in hydropower projects is
shown in Figure 5. Among them, each node SiRjindicates j behavioral risk factors of i stake-
holders, with a total of 24 nodes. The node color represents the stakeholder group. The
directed arrow line between each node indicates the connection between the behavioral
risk factors of each stakeholder, and the arrow represents the direction of the relationship
between the nodes.

Immigrant

Figure 5. Behavioral risk network visualization for hydropower projects.

From Figure 5, the overall network is more densely connected, which indicates that
the behavioral risk factors are interdependent and highly connected, reflecting the com-
plexity of risk transmission in the construction process of the /L hydropower project.

There are SIR2 (Owners—Proactive change request), S3R7 (Contractors—Project not de-
livered on schedule), S6R17 (Government-Policy changes and adjustments), and S7R20
(Immigrant-Create public opinion) behavioral risk factors located in the center of the net-
work, which may have a greater impact on the overall construction process.

On the contrary, behavioral risk factors located at the edges of the network, such as
S2R5 (Designer-Poor immigration planning and design), S6R19 (Government-Poor co-
ordination skills), S5R14 (Material & Equipment Suppliers-Substandard quality), S3R9
(Contractors—Construction quality not up to standard), etc., may have a smaller impact.

4.4. Risk Network Metrics Analysis

The analysis of risk network indicators focuses on the overall network and individual
networks [63]. The overall network uses a block model to delineate the core risk subgroups
in the network. Individual networks are analyzed in terms of intermediary analysis as well
as intermediate centrality to identify the actors that are at the core of the network. There-
fore, this study analyzes the overall network and individual network for the behavioral
risk network of stakeholders in hydropower projects to identify the key behavioral risk
factors and key relationships.

4.4.1. Overall Network Analysis

First, the network density in the behavioral risk network of hydropower projects is
analyzed, and the value is 0.3351, which is between (0,1). This shows that the relationship
between behavioral risks in the network is complex. Secondly, the adjacent binary directed
matrix is iterated by the CONCOR method and finally divided into eight “blocks”. Finally,
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the density matrix and the “like” matrix [68] are used to determine whether the “block” is
in the core position of the network (both receiving and emitting relations; internal relations
are close), and the core blocks are block 1 (SIR1 and S3R8), block 2 (S3R7, S3R9 and S5R15),
block 3 (S1R2, S2R4, and S8R24), block 4 (S6R17, S6R18, S7R20, and S7R21), block 6 (S5R16
and S6R19), and block 8 (54R12, S4R13, and S8R23).

4.4.2. Individual Network Analysis

First, the intermediary analysis is conducted on the behavioral risk network of hy-
dropower projects, and the total number of five types of intermediaries accounted for
59.4% of all risk factors (540 in total). The behavioral risk results of the top eight who
assumed the role of intermediaries are taken as important risk factors. Second, the in-
termediate centrality of their points is analyzed to obtain the intermediate centrality of
each point, and the results of the top eight stakeholder behavioral risk factors are taken
as important risk factors. Finally, the key risk factors for individual network analysis are
obtained by taking the union of the important risk factors of both the intermediary and
the point intermediate center degree as SIR1 (Owners-Difficulty in paying funds), S2R4
(Designer—Design Changes), S3R7 (Contractors—Project not delivered on schedule), S3R8
(Contractors—Construction costs exceeded budget), S4R12 (Supervisor-Lack of timely im-
plementation monitoring), S6R17 (Government-Policy changes and adjustments), S6R18
(Government-Call off construction), S7R20 (Immigrant—Create public opinion), and S7R21
(Immigrant-Disrupting construction sites).

4.4.3. Key Relationships Analysis

The risk network was analyzed for line middle centrality, and it was found that there
existed 185 groups of risk relationships with a line middle centrality greater than 0. How-
ever, the smaller the value, the smaller the impact between behavioral risk factors. There-
fore, only the top 30 relationships were selected as key relationships, Table 6 shows the
key relationships.

Table 6. Identification of key relationships in the top 30 risk network rankings.

Ranking Risk Factors Ranking Risk Factors Ranking Risk Factors

1 S3R9—S6R18 11 S5R15—S6R17 21 S7R21—S6R18
2 S7R22—S6R19 12 S6R17—S6R18 22 S3R8—S3R9

3 S2R4—S2R6 13 S3R7—S5R16 23 S7R22—S6R18
4 S4R12—58R23 14 S1R1—S7R22 24 S8R24—S6R18
5 S4R12—54R13 15 S7R20—S6R18 25 S3R8—S5R15
6 S4R12—S3R11 16 SIR2—SIR1 26 S6R17—S7R22
6 S4R12—S3R10 17 S2R5—S6R18 27 S1R1—S7R21
8 S6R18—S54R12 18 S3R8—S5R14 28 S3R8—SIR1

9 S2R4—S2R5 19 S1IR1—SIR3 29 S3R9—S7R20
10 S3R7—S7R20 20 S3R7—S3R9 30 S5R14—S3R9

4.5. Risk Network Control and Inspection
4.5.1. Core Risk Identification and Control

The core risk factors obtained from the individual network analysis are in the core block
of the overall network analysis. Then, it is the core risk of the behavioral risk transmission
network of the hydropower project [69], and its identification process is shown in Figure 6.

The key behavioral risk factors derived from the individual network analysis: S1IR1
(Owners-Difficulty in paying funds) and S3R8 (Contractors—-Construction costs exceeded
budget) belong to block 1, S3R7 (Contractors—Project not delivered on schedule) belongs to
block 2, S2R4 (Designer—-Design Changes) belongs to block 3, S6R17 (Government-Policy
changes and adjustments), S6R18 (Government-Call off construction), S7R20 (Immigrant—
Create public opinion), and S7R21 (Immigrant-Disrupting construction sites) belong to
block 4, and S4R12 (Supervisor-Lack of timely implementation monitoring) belongs to
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block 8. Since the overall network analysis yields block 1, block 2, block 3, block 4, and
block 8 as the core blocks, the behavioral risk factors of the above hydropower project

stakeholders are all core risk factors.
= Block |

r
|
|

Point Median
Centrality Analysis

y

A 4

5 itin the co

block Non-core risk factors
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‘ore Risk
Factors No

Figure 6. Core Risk Factor Identification Process.

Among the nine core behavioral risk factors, R1 (Difficulty in paying funds) belongs
to the owners, R4 (Design Changes) belongs to the designer, R7 (Project not delivered
on schedule) and R8 (Construction costs exceeded budget) belong to the contractors, R12
(Lack of timely implementation monitoring) belongs to the supervisor, R17 (Policy changes
and adjustments) and R18 (Call off construction) belong to the government, and R20 (Cre-
ate public opinion) and R21 (Disrupting construction sites) belong to the immigrant. The
core behavioral risk factors involve six stakeholders who are all key participants in the
construction of hydropower project projects, and project construction is also a key stage of
the hydropower construction process. On the other hand, the nine key behavioral risk fac-
tors have nothing to do with material and equipment suppliers and environmental depart-
ments. It is related to the weak role of material and equipment suppliers in hydropower
projects. Pay attention to the environmental problems in the construction of hydropower
projects, enhance the environmental protection awareness of all stakeholders, and reduce
the interest loss caused by the environment.

As can be seen from Table 6, except for the risk relationships ranked 2nd and 30th,
all others are closely related to the nine core risk factors: R1, R4, R7, R8, R12, R17, R18,
R20, and R21. Taking effective measures to control the key relationships is conducive to
preventing some of the risks from being transmitted in the network [70-72]. Therefore,
relevant measures are taken to control the relationship between core behavioral risk factors
and key risks, as shown in Table 7.

Table 7. Risk response measures.

Type Risk Factors Stakeholders Response
(1) Establish sound rules and regulations for fund management and standardize the basic
R1 Owners accognting work of FqnstrgctiorE projects. . .
(2) Financial supervision, financial management, and fund control must be integrated into the
project establishment and feasibility study stage.
(3) Strengthen the management and control of project price settlement to prevent the
occurrence of over-estimation, over-calculation, and false claims.
(1) Fully understand the requirements of the owners and timely communication to ensure the
R4 Designer feasibility and accuracy of the program.
Core Factors (2) The quality department guides the design department to sort out the workflow to ensure
that design changes are at a controllable level.
(1) Make a good construction organization and design plan, establish the target system of
rogress control, and clarify the personnel of progress control.
R7R8 Contractors FZ) (g:onduct teCP{nical and e}éonor]:\ic analysis, getegrmine the best construction plan, combine
construction methods, and reduce material consumption costs.
(3) Hold regular construction progress coordination meetings and adopt network planning
techniques to implement the dynamic control of project progress.
(1) Supervisors should stick to their posts, conscientiously perform their supervisory duties,
R12 Supervisor and not slacken their work.
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Table 7. Cont.

Type Risk Factors Stakeholders Response
(2) Strictly control the quality of construction, check the quality of raw materials and
intermediate products, and do a good job of side stations and acceptance work.
(1) Policy changes and adjustments should be in line with the actual situation and should not
R17,R18 Government be changed casually.
(2) Calling off construction cannot be a temporary notice; the site during the suspension of
work needs to urge the contractor to rectify and implement the existing problems.
(1) Actively express your demands with the relevant departments, exercise your rights legally
R20,R21 Immigrant and reasonably, and make efforts to cooperate with the relevant departments to do your duty.
(2) Rational view of the project construction; shall not use force or false public opinion to
defend rights; use the law to reasonably defend rights.
Ranking Key Relations Response
5 S7R22-3S6R19 The government should actively coordinate with the immigrants, owners, and other parties
Kev Relationships involved in the project to solve the problem to achieve a balance of interests.
Y P 30 S5R14-5S3R9 Contractors should strictly control the quality of materials and equipment; the quality does not
meet the standards to accept and use; prevent the construction quality that is not qualified.
4.5.2. Effectiveness Check
From the behavioral risk network of stakeholders in hydropower projects, after 9 core
behavioral risk factors and 30 groups of key relationships were controlled, the risk factors
were reduced from 24 to 15, and the risk relationships were reduced from 185 to 47. The
risk network with the core behavioral risk factors and key relationships removed is shown
in Figure 7. By visual comparison between Figures 5 and 7, the risk network becomes
sparse, indicating that the risk factors in the network are less closely linked.
[T1S2R5
ES3R11

= Owners  mmm Material & Equipment Suppliers

Designer W Government
mmm  Contractors e Immigrant
Supervisor e Environmental Departments

Figure 7. Stakeholder behavioral risk network after the elimination of core risks.

After the core behavioral risk factors and key relationships were controlled, the overall
network effect was tested in terms of network density, clustering coefficient, intermediate
central potential, and network accessibility, and the specific results were as follows.

(1) After the relationship between core risk factors and key risks is controlled, the
overall network density is reduced from 0.3351 to 0.2238, which is a decrease of 33.2%.
This shows that the close degree of risk relationship in the network is reduced, and the
complexity of the network is effectively improved.

(2) The clustering coefficient is reduced from 0.387 to 0.241 after the core risk factors
and key risk relationships are controlled, which is a 37.7% reduction. This shows that the
diversity of risk transmission paths is reduced, which inhibits the frequency and activity
of risk transmission.

(3) The intermediate central potential decreases from 0.1752 to 0.0904 after the core
risk factors and key risk relationships are controlled, which is a decrease of 48.3%. This
shows that the gap between risks is narrowed, and the control of risk factors over the whole
network is weakened.
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(4) The network accessibility value decreases from 0.1420 to 0.0444 after the core risk
factors and key risk relationships are controlled, which is a decrease of 68.7%. This shows
that the transmission path of multiple risk factors is cut off, and the connectivity of the
network is effectively reduced.

5. Discussion

Under the framework of engineering project risk management, Wang, et al. [27] iden-
tify internal stakeholders such as designers and contractors and construct their correspond-
ing system. Since internal stakeholders are not only limited to designers and contractors,
there are also problems such as a lack of internal stakeholders and incomplete evaluation
indexes. Based on this, this study adds internal stakeholders such as owners and super-
visors and improves their corresponding behavioral risk evaluation indexes, such as un-
timely compensation for immigrants and unreasonable migration planning and design.
Meanwhile, the existing studies focus less on the behavioral risks of external stakehold-
ers such as governments and immigrants [37,40,42]. However, because the construction
sites of hydropower projects are provided by the government, and the residents in the
construction area need to actively cooperate with the project construction, external stake-
holders are bound to be one of the conditions for the success of the project construction.
Based on this, this study incorporates external stakeholder behavioral risk factors such as
governments, immigrants, and environmental departments into the evaluation index sys-
tem, such as: policy changes and adjustments and non-cooperation with demolition and
relocation. The conclusion of this study shows that governments and immigrants can have
an impact on the construction process of hydropower projects, and measures need to be
taken to prevent this. Thus, the behavioral risk evaluation index system is constructed from
the internal and external stakeholders involved in hydropower projects, which improves
the behavioral risk indicators related to project construction and lays the foundation for a
comprehensive analysis of the behavioral risk factors of hydropower project stakeholders.

Existing studies use engineering project risk management theory, which can effec-
tively identify and quantify risk factors [22,28] but do not integrate multiple risk factors
into risk networks to analyze their transmission paths. Therefore, this study combines
social network analysis theory with engineering project risk management theory, inte-
grates each behavioral risk factor into social network analysis, and constructs a stake-
holder behavioral risk transmission network evaluation model. Meanwhile, some schol-
ars also explain the importance and necessity of the behavioral risk of engineering project
stakeholders and believe that behavioral risk has an influence on engineering project con-
struction [19,25], without considering the influence relationship between behavioral risks.
Based on this, this study uses the SNA method to analyze the impact of the overall relation-
ship on the construction of hydropower projects and how to transfer the risk relationship.
Targeted measures are taken to cut off the spread of core risks and key relationships. This
highlights the ability to visualize risk network analysis among behavioral risk factors and
enables hydropower project managers to clearly understand the core behavioral risk fac-
tors, key relationships, and risk transmission paths during the project construction.

This study proposes a conduction network model based on the SNA method to ana-
lyze risk relationships and control risks. Compared with traditional project risk analysis,
this model breaks the limitations of the traditional project risk analysis framework and
provides a risk management scheme for the construction phase of hydropower projects. It
has the following practical risk management significance: (1) Dynamically understand-
ing the impact between the behavioral risk factors of stakeholders in the construction
process through the risk transmission path is conducive to taking measures to prevent
the occurrence of risks and reduce the losses caused by risk events. (2) Provide project
managers with new ideas for risk management, which should not only consider objec-
tive factors such as technology, investment, and safety management but also focus on the
behavioral risks of stakeholders to promote the sustainable and healthy development of
hydropower projects.
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6. Conclusions

This study constructs and improves the stakeholder behavior risk evaluation system
to study and evaluate the stakeholder behavior risk in its construction process. The stake-
holder behavior risk network of hydropower projects is constructed through the SNA
method, and the Chongqing /L hydropower project is selected as the research object to
verify the rationality and feasibility of the evaluation model. To provide risk management
experience for the construction of other hydropower projects in the future, the following
conclusions are drawn from its study.

(1) The risk management of hydropower projects should not only pay attention to the
behavioral risk factors of internal stakeholders but also pay more attention to the behav-
ioral risk factors of external stakeholders.

(2) Attention should also be paid to the key relationships for the risk management
of hydropower projects. According to the characteristics of the sending and receiving re-
lationship of behavioral risk factors, specific countermeasures are proposed to block the
transmission of core behavioral risks and cut off the transmission of key risk relationships.

(3) The methodology we put forward in this manuscript was an effective way to re-
duce the risks of hydropower projects management.

In this study, only the presence or absence of influence relationships between risk
factors are considered when constructing the behavioral risk network of stakeholders in
hydropower projects. However, there are strong and weak influence relationships between
risk factors, and risk factors are induced only when the influence level exceeds a certain
value. Therefore, this is the shortcoming of this study in the evaluation of behavioral risk
networks, and it needs to be continued in the future.
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Appendix A. Questionnaire on the Influence between Behavioral Risk Factors of
Stakeholders in Hydropower Projects (Taking the Owner as an Example)

Dear Experts,

Hello! Thank you very much for taking time out of your busy schedule to do this
questionnaire, we promise: the data obtained from this questionnaire will only be used
for academic research, and absolutely no information provided by you will be disclosed
without your permission.

In recent years, the state has advocated for the use of clean energy, and water re-
sources power development as clean energy is vigorously promoted by the state; water
resources power development needs to strengthen the infrastructure construction, such
as: hydropower station construction, etc. When carrying out the infrastructure construc-
tion of large hydropower projects, involving the coordination of the interests of multiple
participants, each participant takes some actions to maximize their own interests, their be-
havior may have an impact on other participants, and there are difficulties in achieving the
quality, cost, schedule, and other goals of large hydropower projects.
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The purpose of this research is to investigate the impact of risk factors on the behavior
of stakeholders in large hydropower projects during the project construction, to analyze
and identify key stakeholders and key behavior factors based on the survey data, and to
provide help for the management of large hydropower projects during the project con-
struction. We hope you can fill out the questionnaire truthfully and objectively, and we
sincerely thank you for your cooperation.

Instructions for filling out:

1. The following content does not all need to be filled in; each survey object only needs
to fill in a stakeholder behavior risk factors impact, such as: you in this project (mainly to
the owners involved) only need to fill in Table 1.

2. Letter and number combinations appear in the questionnaire to explain; for exam-
ple, SIR1 indicates that the stakeholder is the owner, and its corresponding behavioral risk
factor is the difficulty of the payment of funds.

3. Explanation of the influence relationship between rows and columns of the table:
the occurrence of behavioral risk factor SIR1 (column risk) can directly lead to (cause) the
occurrence of or increase in SIR2 (row risk).

4. Please carefully judge one by one whether the following matrix of column risk
factors has an impact on the row risk factors; if you think it will have a direct impact, click
in the corresponding position of “[0” to select, and click again to cancel the selection.

Influenced Factors

S2R6
S2R5 y
SIR1 SIR2 RS S2R4 Poor The design | S3R7 Comtnaction
Difficulty in Proactive commane don Design immigration does not Project not costs
paying funds change request f( ipensatic Changes planning and consider delivered on exceeded
7 or immigrant . ecological schedule N
design rotection budget
Influencing Factors P
SIR1
Difficulty in paying funds \ E o E o = g U
SIR2
Proactive change request o \ o o o o o o
SIR3
Untimely compensation for (] (m] \ (m] a (] (m] m]
immigrant
S3R10 S3R11 S4R12 S5R14 S5R15
S3R9 Inappropriate Poor Lack of timely S4R13 Material and Lack of timely S5R16
Construction F ! § : Supervision equipment N Market
iy mot up construction awareness of implementa- process is not quipm supply of price
R safety environmental tion R ndurdized quality is not materialand g bt
§ measures protection monitoring ; up to standard equipment Jus
SIR1
Difficulty in paying funds = E = E o = o =
Proactive change request = o o o o = o =
SIR
Untimely compensation for m) (m] m] O [m] () (m] ]
immigrant
S8R24
S7R22 S8R23 Request for
S6R17 S6R18 S[E’ng S7R20 Dis 5715.21 the Not Not strictly additional
Policy changes Call off oor Creating isrupting the cooperating enforcing environ-
. . : coordination . 7 construction N N
in adjustment construction - Public Opinion site » environmental mentally
N demolition standards friendly
structures
SIR1
Difficulty in paying funds = = = E o = = U
Proactive change request o o o o = o o o
SIR3
Untimely compensation for (] (m] m] (m] [m] (] (m] ]

immigrant

S1—Owners; S2—Designer; S3—Contractors; S4—Supervisor; S5—Material and Equipment Suppliers; S6—
Government; S7—Immigrant; S8 — Environmental Departments.
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Appendix B. Adjacency Matrix of Influence Relations of the Risk Network of
Stakeholder Behavior in Hydropower Projects

SIR1 SIR2 SIR3 S2R4 S2R5 S2R6  S3R7  S3R8 S3R9  S3RI0 S3R11 S4R12 S4R13 S5R14 S5R15 S5R16 S6R17 S6R18 S6R19 S7R20 S7R21 S7R22 S8R23 S8R24

SIR1 0 0 1 0 0 0 1 0 0 0 0 0 0 0 1 0 0 0 0 0 1 1 0 0
SIR2 1 0 0 1 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
SIR3 0 1 0 0 0 0 1 1 0 0 0 0 0 0 0 0 1 1 0 1 1 1 0 0
S2R4 1 0 0 0 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S2R5 0 1 0 1 0 0 1 0 0 0 0 0 0 0 0 0 0 1 0 0 1 1 0 0
S2R6 0 1 0 1 0 0 1 0 1 0 0 0 0 0 0 0 0 0 0 1 1 1 0 1
S3R7 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 1 0 0 0 1 0 0 0 0
S3R8 1 0 0 0 0 0 1 0 1 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0
S3R9 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0
S3R10 0 1 0 1 0 0 1 1 1 0 0 0 0 0 0 0 1 1 0 1 1 0 0 1
S3R11 0 0 0 1 0 0 1 0 1 0 0 0 0 0 0 0 1 0 0 1 0 0 0 1
S4R12 0 1 1 0 1 1 1 1 1 1 1 0 1 1 1 0 1 1 0 1 1 0 1 0
S4R13 0 1 1 0 0 0 1 1 1 1 1 1 0 1 1 0 1 1 0 0 1 0 1 0
S5R14 0 1 0 0 0 0 1 0 1 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
S5R15 0 0 0 1 0 0 1 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0
S5R16 1 0 0 1 0 0 1 1 1 0 0 0 0 1 1 0 1 0 0 1 0 0 0 0
S6R17 1 0 0 0 1 0 1 1 0 0 0 0 0 0 0 1 0 1 0 0 1 1 0 1
S6R18 0 1 0 1 0 0 1 0 0 0 0 1 0 0 0 0 1 0 0 1 1 0 0 0
S6R19 1 0 1 0 1 0 1 1 0 0 0 0 0 0 0 1 1 0 0 1 1 1 0 0
S7R20 0 1 0 1 0 0 1 0 0 0 0 0 0 0 0 0 1 1 0 0 1 1 0 1
S7R21 0 0 1 0 0 0 1 0 0 0 0 0 0 0 1 0 1 1 0 1 0 1 0 1
S7R22 0 1 0 1 0 0 1 0 0 0 0 0 0 0 0 0 1 1 1 1 1 0 0 1
S8R23 0 1 0 1 0 1 0 1 1 0 1 0 1 1 0 0 1 1 0 1 1 0 0 1
S8R24 1 1 0 1 0 0 1 1 0 0 0 0 0 0 1 0 0 1 0 0 0 0 0 0
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Abstract: Recently, the seamless construction and operation of natural gas pipelines has become even
more critical, while the oil and gas industry’s capability to operate effectively with acceptable risks
and hazardous situations is mainly dependent on safety. As a result, it is very important to have a
wide knowledge of effective management tactics for enhancing implementation of safety regulations
and procedures. The problem of assuring workers” health and safety in the workplace is a crucial
component in the endeavor to raise the productivity of labor and the level of competitiveness of
building projects. To promote the health, safety, and well-being of workers, issues that are embedded
within the concept of sustainability, we propose in this study a safety risk-assessment process that
uses the analytical hierarchy process for assigning priorities to risks on construction worksites. This
process uses a popular multicriteria method. The success of this strategy was shown by its application
to the building of a natural gas compressor plant in Greece. The main contribution of this study is
the application of a well-known multicriteria method for assessing risks in a natural gas compressor
station construction project and prioritizing hazards to allocate budget for risk-mitigation measures.

Keywords: multicriteria analysis; risk management; assessment; natural gas pipeline

1. Introduction

The most environmentally friendly form of hydrocarbon combustion is natural gas.
It is available in large quantities, has a wide range of applications, helps fulfill the rising
need for energy worldwide, and can work in tandem with other forms of renewable energy.
In addition, natural gas is an essential resource for such industries as heating and power
generation, manufacturing, and transportation, not only in Europe but all around the world.

Even though the combustion of natural gas releases greenhouse gases, it produces a
far lower amount of carbon dioxide (CO;) and other air pollutants than the vast majority of
the fuels it is gradually replacing, particularly coal. The use of natural gas has increased
dramatically over the last decade, making up over a third of the increase in total energy
demand. This is higher than any other fossil fuel.

Natural gas is currently responsible for around a quarter of the world’s electrical
generation. It is anticipated that it will play a significant part in easing the transition
to energy systems that produce zero net emissions over the medium range; however,
its utility over the longer term remains unknown in a future where renewable energy
sources predominate. Recently, natural gas pipelines have become vital for the functioning
of every country, since natural gas that is transported via pipelines contributes to the
economic expansion of cities and industries. It is anticipated that natural gas pipelines will
continue to be significant for the global economy because they have the ability to transport
hydrogen that is created from natural gas or electrolysis and has the potential to be a game
changer in the transition to a cleaner source of energy [1]. Additionally, after goods derived
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from petroleum, natural gas is the principal energy resource in the Euro area while it is
considered as the most significant energy source for the manufacturing industry.

During the last few decades, many studies contributed to the relative scientific field of
risk management in natural gas infrastructures. Simonoff et al. [2] developed risk measures
and scenarios to better understand how consequences of pipeline failures are linked to
causes and other incident characteristics, and [3] proposed a model for quantitative risk
assessment on metering stations and metering-regulation stations for natural gas with
natural ventilation. In addition, ref. [4] described an application of a methodology for
quantitative risk assessment that considered failure frequencies found in a public database,
and consequences were computed as a function of pipe diameter and operating pressure for
each network’s section. Also, ref. [5] performed job-hazard assessment to predict hazards
while executing nonroutine tasks in gas transmission stations, while [6] developed a model
for accident classification in the natural gas sector according to possible fatalities, using
rough set theory and decision rules. Recently, ref. [7] assessed the safety state of oil and gas
activities and identified risk factors that cause hazards to people and to the environment
using formal risk assessment and Bayesian networks.

Additionally, some studies used multicriteria decision analysis methods for oil and gas
industry applications, such as [8], who presented a new methodology for identifying and
assessing risks simultaneously by applying a multiattribute group decision-making tech-
nique. In the study of [9], the researchers proposed an approach for pipeline route selection
based on SWOT analysis and the Delphi method for determining decision-makers’ beliefs,
and then the PROMETHEE model was used to integrate these beliefs with subjective judg-
ments and identify the suitable pipeline route. Paradopoulou and Antoniou [10] performed
REGIME multicriteria decision analysis to prioritize alternative LNG terminal locations
on the island of Cyprus in the Mediterranean Sea, while Strantzali et al. [11] proposed
a decision-support tool that embodies multicriteria analysis, using the PROMETHEE II
method, for the evaluation of potential LNG export terminals in Greece. A comprehensive
literature review and a framework for classification of decision-support methods used for
technical, economic, social and environmental assessments within different energy sectors
including upstream oil and gas, refining and distribution can be found in the study of [12].

In the recent studies of Marhavilas et al. [13-16], a combination of both the typical and
fuzzy AHP and HAZOP method used for risk assessments in the sour crude oil industry.

The applications of AHP and fuzzy AHP in the health and safety research field include
a wide range. In their study, [17] used AHP for measuring health and safety awareness
in selecting a maintenance strategy within the Norwegian oil and gas industry, while [18]
used a fuzzy extension of AHP with trapezoidal fuzzy numbers for safety evaluations
in hot and humid workplaces. Additionally, [19] presented a framework for safety risk
assessments in construction projects that was based on the cost of a safety model and the
analytic hierarchy process, and [20] developed a methodology for safety device selection
that used AHP and mechanical hazard classification. Podgorski [21] used typical AHP
for evaluating how workplace safety and health management systems are working. In
addition, [22] applied nonlinear fuzzy analytic hierarchy process and logarithmic fuzzy
preference programming for performing safety evaluations within coal mines in China,
and Xie et al. [23] developed a technique for evaluating the environmental quality of
two commercial buildings. Janackovic et al. [24] ranked and selected occupational safety
indicators using fuzzy AHP, and Kasap and Subasi [25] employed fuzzy AHP to quantify
occupational risk in open pit mining. Additionally, Carpitella et al. [26] optimized system
maintenance by combining reliability analysis with multicriteria techniques like fuzzy
TOPSIS and AHP. Recently, [27] applied a combination of the Pythagorean fuzzy AHP
and VIKOR method for health and safety risk assessment in dangerous workplaces, while
Koulinas et al., [28] and Marhavilas et al., [29] used fuzzy AHP and real data to perform
risk assessments in construction projects.

The literature review above is summarized in Table 1.
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Table 1. Summary of the relative literature.

Reference Natural Gas Infrastructure Risk Management
Quantitative Qualitative
Method Method

Simonoff et al., 2010 [2] X
Bajcar et al., 2014 [3] X
Vianello and Maschio, 2014 [4] X
Lietal., 2016 [5] X

Cinelli et al., 2019 [6] X X

Mrozowska, 2021 [7] X X

Multicriteria methods for oil and gas industry

Quantitative Qualitative PROMETEE, REGIME Group
method method PROMETEE II decision-making
Mojtahedi et al., 2010 [8] X X X
Tavana et al., 2013 [9] X X X
Papadopoulou and Antoniou, 2014 [10] X X
Strantzali et al., 2019 [11] X X
AHP and FAHP applications for health and safety research field
AHP FAHP
Chandima Ratnayake and Markeset, X
2010 [17]
Zheng et al., 2012 [18] X
Aminbakhsh et al., 2013 [19] X
Caputo et al., 2013 [20] X
Podgorski, 2015 [21] X

bs

Wang et al., 2016 [22]
Xie et al., 2017 [23] X
Janackovic et al., 2017 [24]
Kasap and Subasi, 2017 [25]
Carpitella et al., 2018 [26]
Gul, 2020 [27]
Koulinas et al., 2019 [28]
Marhavilas, Tegas, et al., 2020 [29]

XXX XXX

A great survey on risk analysis and assessment methodologies in the workplace can
be found in the study of [30]. In addition, [31] provided a systematic literature review on
the use of risk-acceptance criteria in occupational health and safety risk assessment.

The present approach intends to serve as a practical tool for knowledge and expertise
transfer. The remaining five sections of the paper are: describing the analytical hierarchy
process, presenting the compressor station, explaining the suggested framework, describing
the application, and discussing the findings.

2. The Concept of the Analytical Hierarchy Process

The analytical hierarchy process (AHP) proposed by Saaty [32] is a well-known ap-
proach for evaluating many criteria in which the factors at hand are arranged in a hierarchi-
cal manner. It is founded not just on mathematics but also on human psychology, fusing
together rational thought with emotional inclination. The ability to incorporate qualitative
and quantitative criteria during the evaluation is one of the benefits of using this method.
Another benefit is the ability to use the experience, knowledge, and intuition of the person
making the decision when determining the weights of the elements. On the other hand, the
subjective character of the modeling process is the fundamental flaw of this approach and,
more generally, of similar multicriteria methods. This implies that the methodology cannot
ensure that the judgments will be absolutely accurate.
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The AHP approach allows for the multicriteria problem to be organized into a hier-
archical structure. Following this, the local and global priorities for the problem’s criteria
and subcriteria may be defined using pairwise comparisons and weightings. During the
process of conducting the pairwise comparisons, the AHP takes the judgments of the
decision-maker regarding how important one criterion is in comparison to another as its
input. As an output, the AHP generates a ranking according to the importance of each
criterion and/or subcriterion of the analysis. A standard scale (Table 2) is used in order to
convert the qualitative estimates of importance that the decision-maker has into numerical
values.

Table 2. The basic scale of the AHP method [33].

Description Level of Importance
Two factors are equally important 1
Factor i is moderately more important than factor j 3
Factor i is strongly more important than factor j 5
Factor i is very strongly more important than factor j 7
Factor 7 is extremely more important than factor j 9
Intermediate values 2,4,6,and 8

The fact that the approach examines the input judgments of the decision-maker for
any possible instances of inconsistency is a feature that is highly significant to the method.
The latter leads in an improvement in overall quality. In this particular study, we employ
standard AHP in order to rate the risks identified for every task of the project.

3. Description of a Natural Gas Compressor Station

A compressor station is an essential component of a natural gas pipeline network,
which transports natural gas from specific producing sites to the end customers. In this
paper, the case of the Kipi Compressor Station of the Trans Adriatic Pipeline (TAP) is
studied [34]. Distance, friction, and elevation variances inhibit the flow of natural gas via a
pipeline and lower pressure. The compressor stations are ideally located throughout the
collection and transportation pipeline network to assist maintain gas flow rate to the clients.
Because the gas has a tendency to slow down as it passes through the pipeline network,
engineers build compressor stations along the pipeline to maintain the gas flowing toward
its destination.

During times of low demand, compressor stations are also able to deliver natural gas
to storage sites in the surrounding region. In addition, the passage of the gas through
the pipeline results in the formation of water droplets and various types of hydrocarbons
inside the gas itself. Scrubbers, strainers, and filters are used in compressor stations to
remove dirt and other contaminants from the flow of gas, in addition to separating the
aforementioned objects.

3.1. The Natural Gas Compression Process

As described in Figure 1, and in [34], initially, the gas enters the station through the
yard piping, which is the term given to the network of pipes that link the main gas pipeline
to the compressor station.

The gas is routed through a number of filters and scrubbers in the yard by means
of pipes, which eliminates any liquid or solid pollutants that may be present in the gas
stream. After that, it goes back into the pipe at the compression station yard and enters a
compressor unit. The compressor works to repressurize the gas so that it will flow steadily
through the primary natural gas pipeline network. However, the process of increasing
the pressure of the gas results in the generation of heat, which needs to be controlled. As
a solution to this issue, the compressor station is equipped with a cooling system that is
meant to remove the additional heat. This is often accomplished by employing a number
of fans to assist in chilling the pipes as they reflect the heat away. Because of this cooling
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process, which also involves shifts in pressure and temperature, part of the liquid that was
present in the gas condenses and separates itself from the primary flow of gas.
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Figure 1. The flowchart of the natural gas compression process.

Other operations, such as the addition of mercaptan, the smell of which is sulfurous
and indicates the existence of natural gas, may be a part of the process at the gas compressor
station once the pressure of the gas has been reestablished.

A comprehensive system monitoring, gas pressure monitoring, and safety control
apparatus are some of the other components that are often present in a gas compressor
station. In the event that there is a disruption in the power supply, backup generators are
an important component that plays a role in helping to maintain the natural gas pipeline
running continuously and evenly.

Given that the compressor station is designed to filter, meter and compress natural gas
for further transportation through the pipeline network, it mainly consists of the following:

gas turbine compressors

gas coolers, filtering, metering and piping Systems
utilities (e.g., fuel gas, instrument air)

electrical equipment

1&C equipment

civil structures

one vent stack for station/piping depressurization

The gas is brought in by a scraper reception facility, which serves as the operational
interface between the pipeline and the station. The station is where the gas is compressed.
The natural gas that is being transported via the gas transmission pipeline is brought into
the compressor station after it has gone through the scraper reception facilities. Before the
gas can enter the metering and compression units, it must first be passed through an intake
separator, which removes any solid particles and free water that may be present in the
gas stream.

Two distinct steps of separation will make the separation process simpler. The droplets
in the gas stream are subjected to gravity and/or centrifugal forces during the initial step
of the separation process. After this initial stage, there is a second stage that is comprised of
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cartridges that use coalescing effects in order to produce liquid droplets that are of a larger
size. Last but not least, the gas stream progresses via a demisting and vane step, which gets
rid of the bigger droplets. The contaminants and liquids that have been separated will be
collected in a sump located below the separator in the form of a horizontal pipe.

For reasons of custody, it is necessary to measure the volume of natural gas that
is delivered to the gas transmission system located farther downstream. This will be
accomplished by the utilization of ultrasonic flow meters (USM). In addition to this, the
measured amount of gas flow will be utilized in the process of controlling the performance
of the compressor.

A gas analyzing unit will perform an examination for the purpose of custody to
determine the quality of the natural gas that is being transported from the upstream gas
transmission system (GAU). The measurement will be carried out mechanically, either
constantly or discontinuously, depending on how the relevant network code specifies it
should be done.

The process gas chromatograph (PGC) is the primary component of the gas analyzing
unit (GAU) system, which is designed to analyze at least the following parameters:

C1 to C6 and CO, concentration
hydrocarbon dew point

water dew point

sulfur concentration

oxygen concentration

Because this is the primary gas entry point to the pipeline, the gas will be analyzed
in more depth than it will be at the intermediate stations, which will merely monitor the
concentration of C1 to C6 hydrocarbons and the hydrocarbon dew point. The numbers
needed for the flow calculation, such as density and compressibility factor, are computed
based on the results of measuring the composition of the gas. In addition, this composition
provides the information necessary to construct indices such as the Net and Gross calorific
value, as well as the Wobbe index. Additional quality-control methods are used for the
purpose of monitoring the gas when it is introduced into the pipeline system.

The gas will enter the gas compression units once it has completed its journey via
the gas metering unit. Depending on the capacity of the station, gas turbine-driven turbo
compressors are anticipated to be utilized for the purpose of compressing the gas. The
compressors are set up in a parallel configuration. Each compressor unit is built with unit
shutoff valves, which may be used to separate the compressor unit on either the suction or
discharge side. When a gas first enters the suction of a compressor, it is sent via a suction
strainer on its way to the suction line. This serves as a protective measure against the
formation of bigger deposits in the suction line. A flow meter is utilized on the gas supply
before it is allowed to enter the compressor proper. After that, the gas will be compressed
by a turbo compressor that has three different rotors, or impellers. A gas turbine will serve
as the source of propulsion for the turbo compressor.

After exiting the compressor at the specified pressure, the gas then travels to the
discharge header, where it is directed through the discharge check valve and the unit
shutoff valve en route.

In the event of low flow, turbo compressors are prone to surging, which has the
potential to cause the machine’s destruction. A short recycling with a hot bypass valve
(HBV) and a longer cooled recycle with an antisurge control valve (ASV) are both designed
and put into the system so as to prevent surge operation from occurring. Controlling
the machine at low flows is the antisurge valve (ASV), which prevents the machine from
running too closely to the surge area. In the event that the antisurge valve does not
respond quickly enough to rapid transients in the process, the hot bypass valve (HBV)
will open entirely, which will cause the machine to trip. At each machine, the necessary
process parameters are monitored. These include flow, suction and discharge pressure, and
temperature. It is important to keep in mind that the antisurge cycle, namely, the cooler,
is intended to be used with a single compressor unit. On the other hand, in the event
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that the units have to be run with a low flow, the station recycling valve will be used to
accomplish this.

The same lines that are utilized for recycling will also be used for the purposes of
starting up. The presence of these separate lines makes it possible for the compressor to
begin functioning, even when other equipment is already in use. This starting line will be
sent to the beginning of the startup header. The gas that will be used in the gas turbine
will come from the suction header of the compressor. Nevertheless, in conformity with EN
12583, this line also features a separate shutoff valve that may be utilized if necessary. The
fuel gas is being supplied by the fuel gas unit, and it will then be sent further to the gas
turbine through a direct channel.

Another gas line is run all the way to the compressor seal gas panel from the side of
the compressor that discharges the gas. This is necessary because the compressor needs a
steady gas flow to the dry gas seals in order to function properly. Additionally, this gas
flow is necessary even while the devices are in their pressurized stop position. As a result,
it will be obtained from a position that is not directly associated with the shutoff valves
that control the compressor unit. The gas will be extracted from the discharge side because
the pressure has to be slightly greater than the suction or settle-out pressure. Purging
of the tandem dry gas seal will be accomplished with the usage of the gas (primary and
secondary seals). Air will be used to clean the tertiary compressor seal once it has been
purged. Because there is always some quantity of seal gas that enters the process lines via
the machine, the lines need to be depressurized during prolonged standstills (for example,
to the suction line) in order to guarantee that there is adequate driving force for the flow of
seal gas. It is impossible to prevent some of the seal gas from escaping through the vent
lines of the dry gas seals, hence this is an inevitable aspect of the sealing system. In order
to prevent the release of greenhouse gases, any air that escapes via the primary vent line
(the connection between the primary and secondary seals) will be burnt in the boiler unit.

The gas will then be sent to a gas chiller when it has completed its journey through the
compression unit. This cooler is necessary because a maximum temperature of 50 degrees
Celsius must be maintained for the gas that is directed toward the pipeline. The cooler,
also known as the transportation cooler, has a total of five compartments. Out of these
five bays, four bays are required for duty, while the remaining bay serves as a standby bay.
Each bay has the necessary number of one-pass heat exchanger bundles as well as two fans.
A temperature measurement device located in the discharge header of the cooler is used,
in conjunction with variable speed drives for the fans” motors, to maintain a consistent
temperature at the cooler’s output. In the event that the output temperature cannot be
attained for whatever reason, the flow originating from the compressors will be lowered
in the appropriate proportion. In the event that this preventive precaution is not enough,
the compressors will be turned off. After that, the gas is transferred to the pipeline system
using devices known as scraper launchers. Due to the fact that the design of the station
is somewhat elevated above the design of the pipeline, it is anticipated that there will
be a pressure shutoff valve at the station outlet, which will also serve as the station’s
shutoff valve. A startup cooler will also be provided, in addition to the transit cooler that
was already mentioned. After being connected to the compressor’s startup header, the
cooler is then routed back to the suction header of the compressor. This refrigerator is
constantly operational, and its entire capacity may be accessed at any time. A temperature
measurement device located in the discharge header of the cooler is used, in conjunction
with variable speed drives for the fans” motors, to maintain a consistent temperature
at the cooler’s output. The second reason for having this cooler is so that it can offer
cooling capacity in the event that a compressor is working inside the antisurge area. In this
scenario, gas is redirected from the compressor discharge line via the cooler and back to
the compressor suction.

A scraper launcher facility serves as the operational interface between the pipeline
and the compressor station. This is where the gas is launched once it has been compressed
at the station.
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Regarding the utility systems, these are described in the following sections.

3.2. Condensate Tank

The primary function of the condensate tank is to collect and store in a common
condensate tank all liquids that have been separated in the various individual filters and
separators until they are removed by a vacuum truck. A high-level alarm will sound
whenever there is a dangerously high amount of liquid inside the tank [34].

Because of the potential for the environment within the tank to become explosive,
a flame arrestor will be installed in it so that the station may continue to function in an
appropriate and secure manner. In order to prevent any leaks into the earth, the tank will
be constructed as a double-walled tank that will also have a leak detecting system.

To maintain a liquid temperature of at least +5 degrees Celsius even when the sur-
rounding air temperature is at its coldest, the whole condensate tank will be electrically
trace-heated and insulated.

3.3. Fuel Gas Unit

The gas turbine, the hot-water boiler unit, and the power generating unit are the three
major users of the fuel gas unit, and thus the primary function of this unit is to condition
the station incoming gas to meet their specific requirements [34]. The suction side of the
compressor station is where the fuel gas is extracted from. Fuel gas treatment is designed to
run in two separate trains with 100 percent capacity each. A filter is used to remove liquids
and deposits from the pipeline before the gas is released into the atmosphere. After going
through the filtration process, the gas is sent via a heat exchanger that is powered by hot
water. This heat exchanger will preheat the gas in order to compensate for the temperature
loss that will occur as a result of the Joule-Thompson effect, which will be accomplished
by lowering the pressure. In this component of the system, a pressure relief valve will be
provided in order to prevent an excessive buildup of pressure brought on by the heating of
the gas in the event that the heat exchanger becomes clogged. The pressure of the gas will
be lowered upstream of the heat exchanger until it reaches the desired pressure of 18 to
34 bar (depending on gas turbine supplier). In the event that the controller fails, there will
be two medium-driven shutoff valves installed upstream of the pressure reduction valve.
This will prevent the system from becoming overpressurized. On the low-pressure side of
the system, a relief valve has been planned for installation, and its sole function will be to
prevent the system from shutting down as a result of pressure peaks in the event that the
redundant system is automatically switched on. While the fuel gas is being taken upstream
of the metering system, the turbine flow meter that is meant to be suited for fiscal purposes
will be measuring the fuel gas stream as it flows through the system. After this step, the
gas is prepared for use in the gas turbine by being conditioned.

3.4. Hot-Water Boiler System

For both the radiator in the room- or building-heating system and the gas preheating
in the fuel gas system, the heating medium, which is water that may be conditioned for
heating purposes, will be given. This water will serve as the heating medium. In order to
prevent the release of greenhouse gases, the seal gas that is produced by the compressor
units will be burnt in the boiler units.

3.5. Vent and Blowdown System

In the event that an emergency depressurization is required, the station will be outfitted
with a vent and blowdown system that has the capability of lowering the operating pressure
to 6.9 bar in less than 15 min. The vented gas will be collected through one of three distinct
headers at the end of the process. The suction area of the station is included in the first
header, while the compressors are included in the second header and the discharge area is
included in the third header. The blowdown system is constructed in such a way that it
directs a consistent mass flow to the vent stack. This will be accomplished by the carefully
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orchestrated opening of the blowdown lines that are located in close proximity to the vent.
After passing through the silencer, the gas is routed to the vent stack for final disposal. In
addition to the emergency blowdown system, the blowdown system also has a number
of manually operated vents that are connected to it. Venting for maintenance purposes
requires the use of these manual vents.

3.6. Instrument Air System

The quality of the instrument air that is supplied to the compressor station shall be
determined in accordance with DIN ISO 8573-1 [34]. In order to deliver the necessary
quantity of air, three instrument air compressors have been installed simultaneously, and
an additional unit has been set aside as a backup. Piston compressors have been chosen
because they provide the appropriate degree of flexibility. A three-stage cleaning process
is planned for the area downstream of the compressors. There is a stage dedicated to the
removal of liquid droplets, followed by two stages dedicated to the removal of solids. After
going through this cleaning process, the air is then sent through an adsorption drier in
order to achieve the desired water dew point. One adsorption system will be on duty at all
times, while the other will be in standby mode. Following an additional cleaning process,
the air is then sent to the instrument air network through a buffer vessel so that it can
handle peak demands. After the first stage of filtering, the liquids that have been removed
will be sent to an oil/water separation stage before the effluent is disposed of.

4. The Proposed Framework

Due to the nature of construction sites as one of the most common locations for
occurrences of accidents, conducting an evaluation of the project’s safety risk is an essential
component of effective construction project management. Figure 2 below depicts the
suggested risk analysis and assessment framework based on the AHP application.

AHP
—_ —L —_—
A
<—
NO e — —_
YES
«— “«——

Figure 2. The flowchart of the proposed framework.

Firstly, the risks that might arise during the completion of each task are enumerated,
and then the pairwise comparison matrices for those activities are filled up. The standard
AHP procedure is used to obtain the weights for each risk, and the ranking is determined
by ordering the risks” weights from