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Abstract of Praxis

The United States Corps of Engineers (USACE) engages the expertise and
services of external and internal stakeholders to complete construction projects safely in
high-quality form without overrunning schedules and budgets. However, completing
construction projects on time remains challenging in today’s rapidly changing business
environment. This research aims to overcome the challenge of exceeding construction
project completion durations in Europe by developing quantitative-based predictive
models instead of solely relying on experiences.

This study utilizes the Multiple Linear Regression Analysis statistical
methodology to analyze 291 completed construction projects in the USACE Europe
District. A total of 16 independent variables that could influence completion durations are
identified in the Resident Management System (RMS) database. The research identifies
significant predictors for each project scale using stepwise selection. Four significant
variables emerge for medium and large-scale projects’ predictive model: Original Value
w/ Options, No. of Transmittals, No. of Modifications, and Changes over $250K,
achieving an R-squared value of 93.96%. The small-scale project model employs five
predictors: Original Value w/ Options, No. of RFIs, No. of Transmittals, Changes over
$50K, and Changes over $150K, demonstrating an R-squared value of 95.48%. Both
models undergo rigorous validation through 5-fold cross-validation, confirming their
robust predictive capabilities with cross-validated R-squared values of 91.44% and
91.93%. These models provide USACE project and program managers with reliable tools
for predicting construction project completion durations during early project phases,

enabling better resource allocation and risk management. The dual-model approach

Vi



ensures higher prediction accuracy by accounting for the distinct characteristics of
different project scales, ultimately supporting the District's increased mission readiness

and stronger stakeholder relationships.
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Chapter 1 — Introduction
1.1 Background

Recent research undertaken in the construction industry has indicated that the
problem of surpassing construction project completion dates has arisen as a significant
concern for building projects due to diverse reasons, including uncertainties. Design
deficiencies, differing construction site conditions, and end users' or stakeholders'
requests due to requirement changes are some of the major uncertainties impacting the
duration of the construction projects' completion. Kanoglu (2003) states that the duration
of the project may be subject to substantial fluctuations as a result of unexpected
occurrences pertaining to fundamental design specifications, such as constructability and
complexity, as well as the project's location and prevailing weather conditions. During
the various stages of a construction project, these uncertainties often lead to
modifications in the Scope of Work (SOW), which leads to changes in the project
schedule. Therefore, it complicates the task of creating a precise delivery schedule and
accurately estimating the duration of the construction project. Innocent, Wasek, and
Franz (2018) state that the timely determination of accurate predictions for the duration
of construction projects at the earliest stages of the project's life cycle has significant
value and importance. These estimates play a crucial role in making decisions related to
project financing, allocation of resources, management methodologies, and even the
determination of whether to proceed with or terminate the project entirely.

The challenge of exceeding construction project completion durations can be
overcome by developing quantitative-based predictive models instead of solely relying on

previous experiences of individual project/program teams. Ahmadu et al. (2015)



addressed that the initial methodologies for construction duration estimation were
founded upon a thorough examination of tasks and experience acquired from comparable
projects; nevertheless, these assessments have been deemed subjective and, hence,
untrustworthy. Innocent (2018) states that "Predictive modeling employs statistical
methods and historical data to produce models that predict future outcomes."

Two significant challenges for the United States Army Corps of Engineers
(USACE) Europe District are the prediction of the construction project duration and on-
time delivery. The impact of not delivering projects according to the contract duration
can cause increased costs and utilization of resources, loss of productivity, damaged
relationships, lawsuits filed between stakeholders, and contract terminations. Owolabi
James et al. (2014) address that delays can trigger adverse consequences such as
escalated expenses, diminished production and revenue, many legal disputes between end
users and contractors, and contract termination. This study attempts to overcome these
challenges by conducting statistical analysis, including investigating significant factors
that impact completion times and developing a quantitative-based predictive model by
utilizing the significant variables to forecast the projects' completion duration that leads
to on-time delivery to end users and stakeholders.

1.2 Research Motivation

The primary objective of the USACE Europe District is to meet the infrastructure
requirements of many stakeholders via the delivery of design, environmental, and
construction services, as well as effective project management. To effectively fulfill its
objective, the Europe District must ensure the timely delivery of construction projects to

its stakeholders, adhering to the designated project completion timeline. An important



consequence of the inability to meet the project's delivery dates is the gradual
deterioration of the relationship between the government and contractor stakeholders,
leading to increased resentment over time (McAndrew & Nodjomian, n.d.). This has had
a detrimental effect on both parties involved. The government's military

building and renovation projects experience delays and overrun budgets, which affect
national security interests, including training activities for military members and the
Department of Defense (DOD) civilian workforce. Within the industry,

contractors experience financial losses and face damage to their reputations, both in
informal and formal contexts, due to the poor Contractor Performance Assessment
Reporting System (CPARS) evaluation records (McAndrew & Nodjomian, n.d.). Figure 1
depicts the project completion status reported in the USACE Europe District between

May 1997 and June 2022.

Projects Completion Status

= Behind Schedule (1 day and
over)

= On Time (0 day)

= Ahead of Schedule (1 day or

earlier)

Figure 1. Project completion status reported late between May 1997 and June 2022



In order to generate a pie chart representing the completion status of projects, data
was extracted from the Resident Management System (RMS) database encompassing all
projects initiated and finalized throughout the duration of May 1997 to June 2022. The
data collected was organized based on the completion of each project and the presence of
a valid Notice-to-Proceed (NTP), original Beneficial Occupancy Date (BOD), and final
BOD. Following the sorting process, the RMS database had a cumulative total of 1,167
projects that were completed and had a valid NTP, original BOD, and final BOD. Data
collection and cleaning processes are explained in detail in Chapter 3. Based on the
available data, it is seen that 549 projects (47%) were performed behind schedule,
whereas 137 projects (12%) were executed on time. Additionally, 481 projects (41%)

were completed ahead of schedule, as depicted in Figure 1.

Projects Reported Late
» = 1-30 days
= 31-60 days
w = 61-90 days
’ 91-120 days
_’ = 120 days and over

Figure 2. All projects reported late completion by days

The split of 549 projects (47%) that were executed behind the schedule is
depicted in Figure 2. Based on the collected data, it can be observed that out of a total of

549 projects, 110 projects (20%) had delays ranging from 1 to 30 days. Additionally, 76



projects (14%) were executed with delays spanning from 31 to 60 days, while 48 projects
(9%) were conducted with delays ranging from 61 to 90 days. Furthermore, a total of 48
projects (9%) were executed with delays ranging from 91 to 120 days. Out of the
remaining 549 projects, a total of 267 projects, accounting for 49% of the total, were
finished behind schedule by a duration of 120 days or more.

The development of a predictive model will offer project and program managers,
planning practitioners, contracting officers, Construction Support Services (CSS)
specialists, and other relevant stakeholders within the USACE Europe District the
opportunity to effectively reduce the probability of project delays. It will be achieved by
accurately forecasting the construction completion dates for upcoming projects during the
early phases of the project life cycle. In general, the enhancement of accurately predicted
project completion dates would align with the infrastructure needs of stakeholders,
therefore bolstering the District's mission readiness and reputation.

1.3 Problem Statement

USACE exceeds the construction project completion dates in Europe, preventing
meeting 47% of the original beneficial occupancy date (BOD) requirements.

Recent analyses conducted in the USACE Europe District have revealed that the
issue of exceeding construction project completion deadlines has emerged as a prominent
concern for many building projects. This phenomenon is a significant obstacle, as it
hinders end users from accessing and utilizing facilities or structures within the
designated timeframe originally planned for their intended use. Delayed access to the
facilities that are contracted to be built or renovated negatively impacts the movement of

the military and the DOD civilian workforce into these facilities, conducting training,



storing equipment and materials, and facilitating and managing deployment operations.
The inability to accurately determine construction completion dates can be attributed to
several factors. These include differing interpretations of the contract completion date,
challenges in establishing a feasible original BOD, the absence of a foundation for
calculating the duration of the construction contract, change orders resulting from errors
and omissions, variations in site conditions, and user-requested modifications, as well as
inefficiencies in the construction management by the contractor or agency personnel
(U.S. Army Corps of Engineers, 2012).
1.4 Thesis Statement

A predictive model is required for the USACE Europe District to estimate
construction project completion dates accurately before the contractors' bidding phase.

Accurate determination of the projected timeline for project completion
throughout its early phases is of utmost importance in order to facilitate the tendering
process. Traditionally, the military construction engineers and the project delivery team
have commonly relied on their experiential knowledge to carry out predictive tasks
toward establishing construction project completion dates, often without the support of
mathematical models, leading to potential inaccuracies (Khahro et al., 2020). The
developed predictive model in this Praxis aims to provide mathematical modeling that
accurately captures the link between time and delaying factors in building construction
projects, therefore enabling reliable prediction of project delivery dates.
1.5 Research Objectives

The primary objective of this study is to create a predictive model that can assist

project and program managers, planning practitioners, contracting officers, CSS



specialists, and other relevant stakeholders within the USACE Europe District in
effectively minimizing the likelihood of project delays. This study seeks to achieve three
sub-objectives in order to attain the main goal: (1) This study explores a comprehensive
range of factors that exhibit an influence on the duration of project completion; (2)
Utilizing the influencing factors that have been discovered, a predictive model is
constructed with the purpose of forecasting the projected duration of future projects
throughout the first phases of the project life cycle within the area of operations of the
USACE Europe District. (3) This research employs the developed model to explain how
variations in the significant factors impact the completion time of future projects.
1.6 Research Questions and Hypotheses

This research paper aims to address three primary research questions in order to
develop a predictive model that can accurately forecast future construction project
completion dates. The primary research question is around the development of a
predictive model through the selection and use of a suitable statistical method. The
second research question is to investigate the significant factors that have an impact on
the project completion date. The last primary research question investigates the
relationships among significant factors. These research questions are answered utilizing
variables that are empirically testable. There are also three hypotheses that are associated
with these research questions.

RQ1: Can a predictive model be built to forecast the duration of a construction

project's completion in calendar days?

RQ2: What key factors significantly impact the duration of the construction

project's completion?



RQ3: Does a relationship exist between the key factors impacting the

construction project and the total number of days to completion?

H1: A regression model is built by utilizing significant, influential factors and

used to predict construction project completion durations accurately.

H2: The project value, the total number of modifications, the total number of

transmittals, and the total number of requests for information are significant key

factors impacting the project completion date.

H3: The key factors impacting construction projects and the total number of days

to completion have a linear relationship with a positive correlation.
1.7 Scope of Research

This Praxis develops a predictive model for forecasting construction project
completion dates of future projects in the USACE Europe District's area of operation.
The study involves collecting and cleaning data, which consists of a variety of chosen
factors that may impact the project completion date. Data is collected from the RMS
database. The data collection and cleaning procedures are explained in detail in Chapter
3. After determining an appropriate statistical method, these factors are analyzed in order
to determine the significant factors and develop a predictive model with the objective of
forecasting the project completion date. During the analysis, variations among the
significant factors are also examined to study the impact on the project completion time
of future projects. In this study, only significant factors to the predictive model are

evaluated; therefore, insignificant variables are not studied further.



1.8 Research Limitations

This Praxis has a data collection accuracy limitation for the USACE Europe
District. Each construction project has various data entry blocks in RMS. Some of these
blocks are for a project's original and final amount, NTP date, original BOD, final BOD,
modifications, contractor information, and contract method. These data entries are
managed in RMS by the USACE Project Delivery Team (PDT) members, while
submission of transmittals, Requests for Information (RFI), Activity Hazard Analysis
(AHA), and mishaps are collectively managed in RMS by the contractor's construction
management team members and the USACE PDT. Each of these data entry blocks is a
factor, which is explained in detail in Chapter 3. The accuracy of data collection is being
compromised as a result of the engagement of various stakeholders in data input in RMS.
For example, the RMS database of the USACE Europe District has a total of 4,667
projects (observations) spanning from May 1997 to June 2022. The contract stage is
filtered to ensure the completed projects are identified. Upon identifying the projects that
have reached completion in the RMS database, the overall number of completed projects
equals 2,430. After 2,430 projects are sorted out for a valid entry of "Original Value with
options," "Final/Current Value," "Original BOD," "Scheduled BOD," and "Final BOD," a
total of 1,193 projects remain. Within 1,193 projects, there are only 866 projects left,
which are at 100% completion rate. For the remaining 866 observations, this research
eliminates invalid data points by removing observations with zero values in "No. of
Transmittals" and "No. of RFIs," as these conflict with the complexity of projects and
standard project management processes, discussed in section 3.3 in Chapter 3.

Additionally, observations with "Final/Current Value" below $1M are separated as small-



scale projects to develop predictive models with high prediction accuracy for each scale
category. The development of these models is discussed in Chapter 4. Following this
screening, the dataset retained 122 medium and large-scale observations valued above
$1M and 169 small-scale observations valued below $1M. This study uses these two
separate datasets to develop predictive models for forecasting medium and large-scale,
and small-scale construction project completion durations.

1.9 Organization of Praxis

This study consists of five chapters. The first chapter serves as an introductory
section to the research. The background section aims to provide the underlying rationale
for this Praxis. The research motivation part explains how significant the problem is and
how valuable and important the solutions are. The problem statement, thesis statements,
and research questions are defined in this chapter. Additionally, one significant limitation
of this research is also discussed in the research limitations section.

Chapter 2 of this research paper serves as the Literature Review portion. This
chapter provides a comprehensive examination of the existing research pertaining to
predictive modeling of construction project completion durations. This study investigates
the literature on specific factors that have been identified to impact the completion of
building projects, employing suitable statistical methodologies for analysis.

In Chapter 3, the method employed for the development of a predictive model is
explained. This chapter provides an explanation of the process for selecting and utilizing
the most suitable statistical approach. The research questions and hypotheses are

examined in conjunction with the gathered qualitative and quantitative factors.
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Chapter 4 consists of the findings, analysis, and results. This chapter depicts
significant factors impacting the duration of construction completion. It also possesses
detailed information about the development of predictive models and verification and
testing of the models.

The outcomes of this practice are presented in Chapter 5. The conclusion part
presents a concise overview of the study findings, while the practical application part
elucidates the appropriate utilization of these findings by project management
practitioners and other stakeholders associated with the USACE Europe District in a

practical way.
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Chapter 2 — Literature Review

Researchers have endeavored to enhance the accuracy of construction completion
estimations by creating project scope-based quantitative and realistic construction project
completion time predicting models. This chapter comprehensively examines previous
studies, including prediction-supporting theories, methodologies, and applications, and a
discussion of the parallels and variations among the publications to comprehend existing
project completion time predicting models. Each study provides distinct viewpoints,
including the explanation of the mathematical foundation of the regression analysis and
other prediction methodologies for gathering and analyzing data, identifying independent
variables (elements), evaluating the relationships between the variables, and selecting key
factors that influence predictive models that forecast the cost and length of construction
projects.
2.1 Overview

The literature review comprises two main sections: Prediction and Planning

Methodologies and Construction Prediction and Planning.
2.2. Prediction and Planning Methodologies

This section covers relevant statistical and prediction techniques. There are three
subsections: Regression Analysis Theory, Bromilow’s Time-Cost Model (BTC), and
Artificial Neural Network (ANN). Each technique provides theoretical information about
the prediction methodology.
2.2.1 Regression Analysis Theory

This study utilizes regression analysis, explicitly employing the least squares

method to fit a line across a given collection of observations accurately to develop a
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predictive model to estimate construction completion durations. Regression analysis
allows for the examination of how the values of one or more independent variables
impact a single dependent variable (Farahani, Rahiminezhad & Same, 2010; Abu
Hammad et al., 2010). There are numerous types of regression analysis. This paper
employs multiple linear regression analysis as a research tool to examine variables and to
develop a predictive model utilizing significant variables. In the past, researchers have
predominantly utilized multiple regression analysis as the statistical method to derive
predictive models for forecasting construction time (Guerrero, Villacampa & Montoyo,
2014).

This literature review first focuses on revisiting and analyzing the mathematical
foundations of regression analysis in order to make meaningful statistical inferences of
the generated values in this paper. Subsequently, it examines the utilization of regression
analysis in developing predictive models in previous studies.

Linear regression is a statistical method used to model the relationship between
variables (Dursun & Stoy, 2012; Shruti, 2017). In linear regression, the shape of the
regression line is straight and follows a linear pattern, while the intercept of the line is
represented by the variable "a," and the slope of the line is represented by the variable "b"
(Shruti, 2017). Linear regression has the dependent variable (Y), which is characterized
by continuous values, whereas the independent variable (X) can have either continuous or
discrete values. This Praxis paper has a combination of continuous and discrete
independent variables.

For Shruti's (2017) mathematical Equation 1 below, the term of error is

n.n n.n

represented interchangeably as "e" or "¢." Linear regression is defined as:
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Y=aX+b+ ¢ (1)
Where Y is actual or observed, aX + b is explained or predicted, and ¢ is an error. In
linear regression, the error term € follows a normal distribution with E(¢) = 0 and a
constant variance Var(g) = o2.

In this Praxis paper, there are several x parameters as independent variables;
therefore, the regression analysis is referred to as multiple linear regression. However, if
there is only one independent variable, it is known as simple linear regression (Hwang,
2009; Wang & Gibson, 2010). The multiple linear regression equation can be expressed
as:

y=a+ byx; + byx, + b3x;+--b,x, +e (2)
2.2.2 Bromilow’s Time-Cost Model

Bromilow’s time-cost (BTC) model is one of the tools for predicting construction
project durations. Car-Pusic et al. (2020) state that Australian researcher Bromilow
conducted the initial investigation on the correlation between financial execution and
construction duration. The study focused on 329 structures in the Australian building
construction sector between 1963 and 1967. The study led to the establishment of the
"time-cost" model, sometimes referred to as the BTC or TC model (Mackova & Baskova,
2014). Velumani, Nampoothiri & Urbanski (2021) address that the BTC model primarily
focuses on the project duration and the projected end budget. Numerous surveys were
undertaken to assess the efficacy of the BTC model (Khamooshi & Abdi, 2017). The
BTC model is typically used to evaluate the duration of conventional contract durations
in finished projects, while it also offers a rapid and quantitative approach to assess the

length of a project (Velumani, Nampoothiri & Urbanski, 2021).
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In the study of Hoffman et al. (2007), it is emphasized that the projects
exhibit wide variations when it comes to design, location, quality, management
processes, and other aspects; however, there is an apparent correlation between time and
cost, which is commonly referred to as the BTC model which is expressed in Equation 3
below:

T =KCB 3

The variables in Equation 3 are as follows: T represents the construction time in
working days, K is a constant that describes the overall level of time performance, C
represents the cost of the building, and B is a constant that represents "the sensitivity of
time to cost" (Hoffman et al., 2007).
2.2.3 Artificial Neural Network (ANN) Methodology

Various research has attempted to address the issue of schedule overruns and
enhance the accuracy of project duration forecast. Lishner and Shtub (2022) emphasize
that estimating the length of a project is a highly demanding assignment in project
management while the uncertainties inherent in projects, the many risks involved, the
distinctiveness of each project, and the disparities in organizational culture and
management approaches impede the development of a universal project duration
prediction tool that may be applicable to all projects. Applying ANN, which is a type of
machine learning (ML), is one of the approaches to forecasting the duration of certain
types of projects.

Lishner and Shtub (2022) address that an ANN is used to represent complex
relationships within datasets while its architecture is composed of numerous layers built

with artificial neurons, including hidden layers and activation functions. An ANN may
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have one or more hidden layers, each consisting of a variable number of artificial
neurons, while the output layer generates the output variables, with the quantity of these
variables determining the amount of artificial neurons (Lishner & Shtub, 2022; Reed &

Marks, 1999).

Hidden Hidden Hidden
Layer1 Layer 2 Layeri

l put Layer

O

Figure 3. ANN Structure (Lishner & Shtub, 2022)

In Lishner and Shtub’s (2022) study, it is stated that ANNs have been
trained using optimization techniques based on "stochastic gradient descent." This
approach utilizes the training dataset to generate a prediction based on the present
condition of the model, and it then compares this forecast to the anticipated value and
calculates the difference as an "estimate of the error gradient" (Lishner & Shtub, 2022).
The study also emphasizes that the error gradient is then used to modify the weights of
the model while this iterative procedure continues until the stop condition is met. Lishner
and Shtub (2022) states that the learning rate is known as a hyper-parameter is between

the range of 0 and 1. They added that the hyper-parameter is used to regulate the speed at
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which the model adjusts to the issue. In the meantime, the learning rate is the magnitude
of adjustment made to the weights during training (Lishner & Shtub, 2022). In the
authors’ paper, lower learning rates need a greater number of training epochs since the
weights are adjusted by smaller increments in each cycle. Conversely, higher learning
rates result in larger weight adjustments and demand less learning epochs. An excessively
high learning rate may lead to the model's fast convergence on a poor solution, whereas
an excessively low learning rate can result in the process being trapped (Lishner & Shtub,
2022). The learning rate is also regarded as a critical hyperparameter for the training of
models. Additionally, the error gradient is a statistical measure that improves when more
training instances are used, which leads to more accurate estimates and better
modification of the weights in the ANN structure; consequently, the prediction
performance is enhanced (Bengio, Goodfellow, & Courville, 2017).
2.3 Construction Prediction and Planning

This section focuses on applying prediction methodologies specific to the
construction field for model development, identifying significant factors, and further
utilizing the developed models.
2.3.1 Prediction Techniques and Applications

This subsection of the literature review covers the real-world applications of
regression analysis, the BTC, and ANN. The first two subsections, the cost prediction, the
cost and duration prediction, and the duration performance sections, provide the real-
world application of the multiple linear regression analysis. The last subsection, the

duration estimation, offers the application of ANN, along with sensitivity analysis.
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2.3.1.1 Cost Prediction

Hai's (2021) work aims to enhance the accuracy of construction project cost
estimation by employing the multiple linear regression analysis technique. By building
upon prior research, a regression model is constructed and utilized to forecast the project
cost. The model comprises 16 variables. In Hai's (2021) research, Statistical Package for
the Social Sciences (SPSS) software is utilized for doing weight statistical analysis in
order to extract four similar components, hence enhancing the structure of the regression
model employing the least square method in order to construct a multivariate linear
model. Hence, Hai's (2021) model can serve as a highly accurate mechanism for
analyzing project costs and can be widely adopted in the construction industry.
Additionally, in Hai's (2021) paper, the project's basic characteristic indicators are picked
as model factors based on the diverse requirements. The paper also depicts that the
prediction elements are derived from the project cost data, with qualitative and
quantitative factors determined based on their share in the project cost.

For Hai's (2021) research, a correlation value above 0.9 indicates a high
correlation index and suggests a strong linear regression performance. The calculation
results indicate that the correlation values of the independent variables in the model
exceed 0.9. When using the SPSS software, it automatically keeps the top four principal
component factors. These factors account for a "cumulative variance percentage of
85%" or more (Hai, 2021). In this case, the figure of 92.798% exceeds this limit. Thus,
the study concluded that the current principal component factor satisfies the efficacy
criteria. Furthermore, out of the 16 factors, the eigenvalues for the first four factors

exhibit significant variation, whereas the remaining 12 factors show very minor changes.
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Hence, the shared component in Hai's (2021) model is the initial four elements. The
analysis of these four elements highlights the significant influence of the construction
duration, construction size, current year's project cost index, and basement size on the
overall project cost. When evaluating the project cost, Hai (2021) emphasizes that it is
crucial to analyze four indicators: impact magnitude, arrangement order, statistical
correlation coefficient, and budget model improvement.

In order to calculate the weight of a factor variable, Hai (2021) multiplies each
coefficient by the corresponding independent variable. The resulting products are then
put together to determine the weights of the four factors. The paper utilizes this method to
calculate the weight of four factors: F;, F,, F3,and F,. In Hai's (2021) paper, the least
square approach is used to analyze the cost of construction by considering y as the
dependent variable and the weight values as the independent variables. In addition, prior
to analysis, the weights undergo rotation in order to determine the percentage of variance.
These numbers will serve as the model's weights, meaning they will be incorporated to
derive a precise project cost budget model, as outlined below (Hai, 2021):

F =13.799 + 0.6081F; + 0.1213F, + 0.1043F; + 0.0958F,
= 13.799 + 0.0300x; + 0.0193x, + 0.0243x3 + 0.0315x, + 0.1485x;
— 0.2983x4 + 0.0345x, + 0.0074xg + 0.0672x49 + 0.0381x,,
+ 0.0644x,, + 0.0755x,, + 0.0531x43 + 0.0008x,, + 0.0671x45
+0.0951x46 (4)

In Equation 4 of Hai's (2021) study, the values of multiple variables are derived
from the regression coefficient computation of the model using the least square approach.

In order to confirm the model's reliability, it undergoes testing in the study. Hai (2021)
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states that the computation results indicate that the R-value is 0.922, representing the
correlation coefficient. The model demonstrates a positive relationship between the
independent variable and the dependent variable, as indicated by a correlation coefficient
(R) 0of 0.842, which surpasses the threshold of 0.8 set by the study. In the research paper,
this value represents the coefficient of determination. Hai (2021) addresses that the
numerical computation result indicates the comprehensive regression status of the model.
Consequently, based on the current numerical statistical findings, the regression impact
of the model is deemed satisfactory, with four common components accounting for
84.2% of the explained value; therefore, the model successfully passed the test.

Finally, Hai (2021) specifically examines the allocation of funds for a
construction project. The study proposes the use of linear regression analysis as a solution
to the limitations found in earlier budget models. The research organizes the necessary
information for construction project cost budgeting, identifies 16 significant variables,
and develops a new budget model. In order to enhance the precision of the budget model,
SPSS software is implemented to compute the weight values of different elements,
extract shared factors, and refine the budget model. The application results demonstrate
that the model is capable of precisely and efficiently estimating the project cost, with a
variance of no more than 5%, thereby satisfying the project cost budget requirements.
2.3.1.2 Cost and Duration Prediction

Another previous study is conducted by Thomas & Thomas (2017). The authors'
research aims to construct a predictive model that can estimate the cost and duration of a
project by utilizing past data from comparable real-life projects. In the study, statistical

regression models are constructed using actual data from construction projects. Thomas
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& Thomas (2017) state that the methodology is implemented by a three-step process: (1)
Gathering of data; (2) Statistical analysis by the utilization of SPSS software; (3)
Explanation of findings. Data pertaining to the actual cost and time of 51 building
projects has been gathered for the study. The authors utilize regression analysis
methodology to estimate the relationships between variables in the field of statistics. It
encompasses many methodologies for modeling and evaluating multiple variables, with a
specific emphasis on the correlation between a dependent variable and one or more
independent variables.

Thomas & Thomas (2017) state that the skewness and kurtosis measures should
be as close to 0 as possible while emphasizing that a small variation from 0 is not a
problem as long as the measures are not too large compared to their standard errors. In
the study, the skewness z-value is expressed by the ratio of skewness measure and
standard error, and the kurtosis z-value is defined as the ratio of kurtosis measure to
standard error. Consequently, the z-value should be between -1.96 and +1.96; thus, they
are normally distributed in terms of skewness and kurtosis (Thomas & Thomas, 2017).
Thomas & Thomas (2017) note that the z-values for skewness and kurtosis are as
follows: "Area (0.024 and -1.23); Estimated Cost (1.435 and -0.584); Estimated Duration
(0.453 and -1.138); Actual Cost (1.543 and -0.649); and Actual Duration (-0.312 and -
0.866) respectively"; therefore, based on the obtained values from SPSS, the study
concludes that they follow a normal distribution.

Thomas & Thomas (2017) develop two models by utilizing multiple linear
regression modeling: (1) Regression model for actual cost; (2) Regression model for

actual duration. For regression modeling of actual cost, their study denotes the dependent
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variable, Y, which represents the actual cost. Additionally, it establishes the project area,
estimated cost, and estimated time as the independent variables (X). Since the
significance value of 0.294 is higher than the alpha value of 0.05, the estimated time is
not considered an independent variable in the Actual cost regression model. Thomas &
Thomas's (2017) regression model for actual cost is defined in Equation 5.
Actual Cost = —264,240.249 — 146.963(Area) + 1.210(Estimated Cost) (5)
In Equation 5, the standardized coefficients indicate that the projected cost has a

stronger impact on the actual cost variable compared to the other independent variables.
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Figure 4. Histogram of Residuals for the Actual cost regression model (Thomas &
Thomas, 2017)

Figure 3 displays the histogram representing the residuals of the model that was

created. The histogram indicates that the residuals exhibit a normal distribution.
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Figure 5. A plot of Regression Standardized Residuals against the Standardized Predicted
Values for the Actual cost Regression (Thomas & Thomas, 2017)

Figure 4 depicts a graphical representation of the relationship between the
standardized residuals and the standardized projected values of the regression. The points
in the plot are distributed in a manner that suggests randomness, indicating that the
assumption of homoscedasticity or equality of variances is satisfied (Thomas & Thomas,
2017; Malhotra & Dash, 2010).

Furthermore, the study utilizes the Pearson Correlation Matrix method in order to
demonstrate the linear relationship between each pair of variables. While the coefficient
of correlation is a numerical measure that ranges from 0 to 1, a value approaching 1
signifies a robust correlation, whereas a value of 0 indicates no correlation between the
two variables Ndekugri, Braimah, & Gameson, 2008; Field, 2009; Doloi et al., 2012). On
the other hand, Thomas and Thomas (2017) state that R-squared is the proportion of
variance in the data that is accounted for by the model. The term "percent of variance
explained" refers to the percentage of the variability in the dependent variable that can be

accounted for by the independent variable (Malhotra & Dash, 2010). In Thomas and
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Thomas's (2017) research, the model can explain 99.9% of the variance, which can be
attributed to the homogeneity of the research area.
Thomas & Thomas's (2017) regression model for actual duration is expressed in
Equation 6.
Actual Duration = 68.887 + 0.012(Area) + 0.778(Estimated Duration) (6)
In Equation 6, the standardized coefficients indicate that the projected time has a

more significant impact on the actual duration compared to the other independent

variables.
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Figure 6. Histogram of Residuals for the Actual duration regression model (Thomas &
Thomas, 2017)

Figure 5. displays the histogram representing the residuals of the model that was

created for the actual duration. The histogram indicates that the residuals exhibit a normal

distribution.
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Figure 7. Plot of Regression Standardized Residuals against the Standardized Predicted
Values for the Actual Duration Regression (Thomas & Thomas, 2017)

Figure 6 depicts a graphical representation of the relationship between the
standardized residuals and the standardized projected values of the regression. The points
in the plot are distributed in a manner that suggests randomness, indicating that the
assumption of homoscedasticity or equality of variances is satisfied (Thomas & Thomas,
2017; Malhotra & Dash, 2010).

Additionally, Thomas & Thomas (2017) again employ the Pearson Correlation
Matrix method in order to demonstrate the linear relationship between each pair of
variables for the actual duration regression model. The study states that the model can
explain 96.8% of the variance, which can be attributed to the homogeneity of the research
area.
2.3.1.3 Duration Performance

The next study in this literature review is conducted by Le-Hoai, Lee, & Nguyen

(2013). The objectives of the research were to (1) study the elements and identify the
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significant ones that influence project performance and (2) create models that can be used
to assess project performance in light of these aspects. The outcomes of the initial
objective can be located in a pertinent prior publication of Le-Hoai et al. (2008). Le-Hoali,
Lee, & Nguyen (2013) examine the relationship between variables and their time
performance in Vietnam using multiple regression analysis. While the study (Le-Hoali,
Lee, & Nguyen, 2013) uses a dataset of 70 projects, not including any outliers, the
multiple stepwise linear regression technique is utilized to incorporate important
variables into a model that can be used to forecast or assess the project time index (PTI).
The findings of the research indicate that six variables, specifically "underground site
condition, project management works, estimating works, competency of subcontractor(s),
correctness and completeness of design, and owner's project financing," have been
identified as significant contributors in the regression model (Le-Hoai, Lee, & Nguyen,
2013).

In the meantime, in Le-Hoai, Lee, & Nguyen's (2013) research, a questionnaire of
twenty-one questions is developed to assess the factors that may influence the time
performance of building projects. The twenty-one elements correspond to the findings
reported in a prior article by Le-Hoai et al. (2008).

Le-Hoai, Lee, & Nguyen's (2013) study displays the regression analysis results
for the time index in Tables 1 and 2. The final regression model includes six independent
variables: (1) "Underground site condition," (2) "Project management works," (3)
"Estimating works," (4) "Competency of subcontractor(s)," (5) "Accuracy and
completeness of design," and (6) "Owner's project financing" which have a significant

impact on the model with a significance level of p < 0.05. The study also shows that the
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final regression model is statistically significant with a p-value of less than 0.000 and

an F-value of 126.991, leading to the rejection of the null hypothesis; therefore, a model

that is statistically valuable can be deemed acceptable (Pan et al., 2022; Le-Hoai, Lee, &

Nguyen, 2013).

Table 1. Model Variables Summary (Le-Hoai, Lee, & Nguyen, 2013)

N fnd dent Variabl Standardized T-test Model Collinearity Statistics
0 ndependent Variable Coefficients t Sig. DR-Squared Tolerance VIF

E.1 | Underground site -0.449 -6.055 | 0.000 0.833 0.220 4.537
condition

CS.1 | Project management -0.211 -2.170 | 0.034 0.032 0.129 7.766
works
Accuracy and

CS.4 -0.322 -3.099 | 0.003 0.011 0.112 8.926
completeness of
design

CT.5 | Competency of -0.198 -3.546 | 0.001 0.022 0.390 2.564
subcontractor(s)

0.1 | Owner's project -0.085 -2.085 | 0.041 0.005 0.732 1.366
financing
Dependent Variable: Time index

Table 2. Model Summary (Le-Hoai, Lee, & Nguyen, 2013)

Model Parameter Value
R 0.961
R-Squared 0.924
Adjusted R-Squared 0.916
F-statistic 126.991
Significance 0.000
Standard Error 0.034
Durbin-Watson 2.003

In the authors' research (Le-Hoai, Lee, & Nguyen, 2013), the ultimate model

exhibits R-squared and adjusted R-squared values of 0.924 and 0.916, respectively. The

analysis demonstrates that more than 90% of the variability in time index estimation can

27




be accounted for by the six independent factors. Equation 7 depicts the mathematical
representation of the regression model for the time index.
T.l.=1.622 — 0.072xUnderground site condition

— 0.019xProject management works — 0.039xEstimating works

— 0.033xAccuracy and completeness of design

— 0.019xCompetency of subcontractors

— 0.013xOwner's project financing (7

Le-Hoai, Lee, & Nguyen (2013) state that the Durbin-Watson value of 2.003

suggests that there is no evidence of autocorrelation in the residuals obtained from the
regression analysis. Their research also addresses that the presence of multicollinearity
might cause the coefficient estimates to fluctuate unpredictably when there are minor
changes in the model or the data. In addition, the Variance Inflation Factors (VIF), which
range from 0.112 to 0.732, do not exceed 10; therefore, this indicates that there is no

evidence of multicollinearity concerns, as stated by Montgomery et al. (2001).
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Figure 8. Normal P-P Plot (Le-Hoai, Lee, & Nguyen, 2013)
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Le-Hoai, Lee, and Nguyen (2013) state that the probability distribution is
considered normal due to the close alignment of the data points with the straight line in

the normal probability plot, as depicted in Figure 7.
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Figure 9. Scatter Plot of the Residuals against the Predicted Values (Le-Hoai, Lee, &
Nguyen, 2013)

Figure 8 displays the scatter plot depicting the residuals plotted against the
anticipated values. The study (Le-Hoai, Lee, & Nguyen, 2013) concludes that there is no
discernible correlation between residuals and expected values since the residuals are
randomly dispersed inside a cluster around the horizontal line with a value of 0;
therefore, this indicates that the conditions of linearity and homogeneity variance are
successfully met.
2.3.1.4 Application of ANN and Sensitivity Analysis for Estimating Duration

Fan, Yeh, and Chi (2021) demonstrate the efficacy of employing a two-phase
ANN to model the length of construction projects accurately, even with limited
information available during the early stages of the building projects. Additionally, in
their research paper, sensitivity analysis is utilized to gain explanatory insights into the

impact of variables despite the small number of samples.
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Figure 10. Artificial Neuron Model (Fan, Yeh, & Chi, 2021)
Figure 10 depicts an artificial neuron model in which each connection has a

weighted value, denoted as W;;. It quantifies the strength of the impact that the ith

processing element has on the jth processing element in Fan, Yeh, and Chi’s (2021)
study. The result of a processing element may be represented by the following

mathematical expression (Fan, Yeh, & Chi, 2021):

yi=f (Z Wijx; — 91') (8)

The variables used in Equation above are defined as follows: y; represents the
output signal of the jth processing element, x; represents the input signal of the ith
processing element, W;; represents the connection weight value between the ith
processing element and the jth processing element, ; represents the threshold value of

the jth processing element, and f represents the transfer function that imitates the somatic
processing function. The formula translates the weighted sums of input values from other
processing elements into the output value of the jth processing element (Fan, Yeh, & Chi,

2021).
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The study of Fan, Yeh, and Chi (2021) introduces a two-stage model that utilizes
the output of the submodels as input variables. In the paper, expert interviews reveal that
foundation work and structural work are the two essential components of a construction
project. The first phase of the subsequent model consists of two submodels: (1) The first
submodel aims to forecast the time of foundation work by considering the three
influential factors: AE, DE, and BFW; (2) The second submodel is to forecast the length
of time required for structural work. This is accomplished by considering four influential
factors: NFU, NFA, TFA, and BSW. In the two-stage model, the second stage utilizes the
output outcomes of the first and second submodels as input variables to forecast the
overall time of the project (Fan, Yeh, & Chi, 2021). Lastly, the third model utilizes the
main factors determined by the sensitivity analysis as the input variables for forecasting
the project length.

Fan, Yeh, and Chi (2021) state that in order to investigate the key variables of the
duration of the formwork work and the structure work, a sensitivity analysis was carried
out. In their analysis, every independent factor was held constant, one at a time, while the
other variables were randomly varied within their practical range of values. From the
instance the study presents, the mean value was increased or decreased by two standard
deviations. The outcome is depicted in the Channel effect diagram in Figure 11. The x-
axis represents the independent variable that remains consistent, while the y-axis
represents the equivalent output value. Additionally, the center, upper, and lower lines
represent the average, one standard deviation above, and one standard deviation below

the average of the output value, respectively (Fan, Yeh, & Chi, 2021).
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Figure 11. Channel effect diagram for artificial function with 10 variables (Fan, Yeh, &
Chi, 2021)

In addition, the model is analyzed, and critical variables are identified in Fan,

99 ¢¢

Yeh, and Chi’s (2021) paper by calculating the “linear impact index,” “quadratic effect
index,” and “general importance index” as provided by Yeh and Cheng (2010). The
mathematical representations of “Linear Effect Index,” “Curvature Effect Index,” and
“General Importance Index” can be found in the study of Fan, Yeh, and Chi (2021).

In the study of Fan, Yeh, and Chi (2021), the scatter diagrams depicted in Figures
12, 13, and 14 are the model with all variables, the two-stage model with submodels, and
the model with key variables, respectively, illustrate pairs of numerical data; specifically,
the figures display the actual durations and the predicted durations results of the three
models. Each figure represents one variable on each axis, allowing for the examination of
any potential relationship between the variables. If there is a correlation between the
variables, the data points align themselves in a linear or curved pattern. A stronger

correlation results in the data points being more closely aligned with the line (Fan, Yeh,

& Chi, 2021).
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Figure 12. Scatter diagram of the model with all input variables (Fan, Yeh, & Chi, 2021)
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Figure 13. Scatter diagram of the model with key variables (Fan, Yeh, & Chi, 2021)
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Figure 14. Scatter diagram of the two-stage model (Fan, Yeh, & Chi, 2021)
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Table 3 presents the R? and the root mean squared error (RMSE) values for the
three models, indicating that they provide identical results (Fan, Yeh, & Chi, 2021). The
findings in the study of Fan, Yeh, and Chi (2021) validate the efficacy of using two-stage
ANN and feature selection techniques via sensitivity analysis to provide a more precise
estimation of construction length, even when there is little data accessible during the
initial project planning phase.

Table 3. Coefficients of determination and RMSEs (Fan, Yeh, & Chi, 2021)

Coefficient of

determination RMSE

Training Testing Training Testing
Model type set set set set
Model with all variables 0.641 0.405 95.20 128.18
Two-stage model with 0.724 0.535 82.84 107.83
submodels
Model with key 0.620 0.545 97.46 106.90
variables

The research paper of Fan, Yeh, and Chi (2021) demonstrates the efficacy of
employing a two-stage ANN to accurately model the duration of building projects, even
with limited information available during the early stages of the project.
2.3.1.5 Duration Prediction Methodologies in USACE

Currently, there are no mathematical-based prediction models utilized in the
United States Army Corps of Engineers (USACE) Europe District to estimate
construction project completion durations. However, USACE project delivery
professionals have been utilizing the experiences and data of previous projects as a guide
to determine the predicted project completion duration. According to a 2018 study
conducted by the Project Management Institute, inadequate time estimation is responsible

for 25% of project failures (Landau, 2023).

34



Furthermore, there are also research activities in the academic world to develop
qualitative and quantitative-based prediction models for estimating construction project
durations. Innocent's research is one of the significant studies for predicting the U.S.
Government's construction projects. Innocent's paper focuses on forecasting military
construction project durations utilizing data analytics (Innocent, 2018; Innocent, Wasek
& Franz, 2018). His study employs predictive modeling to analyze 466 Military
Construction (MILCON) projects to determine influential elements affecting project
duration and suggests a predictive model for project duration and outcomes. Innocent's
(2018) binary logistic regression and BTC models are precise tools for analyzing 466
MILCON projects in the initial stages of the construction project life cycle.

In summary, this literature review first explores prediction and planning strategies
to gain familiarity with a range of prediction techniques. This study discusses many
prominent prediction approaches, including regression analysis theory, Bromilow's Time-
Cost Model, and ANN. This research paper also focuses on the use of methods in
the construction prediction and planning section. It analyzes prior real-world examples to
estimate the time, cost, and duration performance of construction projects.

Hai's (2021) work aims to enhance the precision of construction project cost
estimation by using the multiple linear analysis technique. In the author’s paper, a
regression model is constructed and used to forecast the project cost. The model's
dependability is assessed by application analysis. The given findings indicate that the
greatest budget deviation rate is less than 5%; therefore, the model may serve as a highly

efficient instrument for analyzing project costs.
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On the other hand, Thomas & Thomas (2017) construct a model using
the regression modeling approach to forecast project cost and time using historical data
from 51 projects. The Regression models were constructed using the data gathered from
Noel Builders, located in Kakkanad, Ernakulam, in order to forecast the project cost and
time. Project managers may use the created models’ results during the planning phase to
verify the planned critical path time and project budget. Ultimately, the regression model
has shown significant efficacy in forecasting the necessary allocation of time and
financial resources for the project.

Furthermore, Le-Hoai, Lee, & Nguyen (2013) used the multiple regression
approach on a dataset of 70 projects to include relevant factors into a model for
forecasting the project time index. The authors' created regression model exhibits
superior performance in comparison to an artificial neural network model specifically
designed for cross-validation.

Lastly, Fan, Yeh, and Chi (2021) provide a feature selection technique for
predicting construction time in the preliminary stage using ANNs. The authors also offer
a two-stage ANN model that considers the unique characteristics of construction
duration. In the author's paper, the findings validate the efficacy of using two-stage
artificial neural networks (ANNs) and conducting feature selection via sensitivity
analysis. The paper demonstrated that the approach enables a more precise prediction of
construction length and facilitates the extraction of valuable insights from the network

system.

36



Chapter 3 — Methodology

This chapter provides an in-depth explanation of the research methodology and
guides readers through the research stages followed. There are a total of eight main
research stages utilized in this paper. The first stage, understating the business needs, is
thoroughly discussed in Chapter 1. In this chapter, the next five stages, identifying the
data source, data collection, data cleaning and preparation, identifying statistical
methodology, and selecting a statistical tool, are introduced. The remaining stages,
building the predictive model and evaluating the model, are also discussed in this chapter;
however, these stages, along with required statistical inferences, are executed
systematically in Chapter 4. Figure 15 displays the block diagram of the research stages

utilized in this research.

Unde_rstandmg the Identifying Data Data Collection Data Cleaning and
Business Needs Source(s) Preparation
Igf;i%g% Selecting Statistical Building the Evaluating the
Methodology Tool Predictive Model Model

Figure 15. Research stages

3.1 Data Source

The Resident Management System (RMS) is an all-inclusive application utilized
by the United States Army Corps of Engineers (USACE) field offices to efficiently
administer construction contracts (United States Army Corps of Engineers [USACE],
n.d.). USACE’s RMS quick reference guide notes that this comprehensive

system involves the tracking and recording of administrative actions for these contracts.
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RMS 3.0 is also a unified application that combines both the Government and contractor
modes to allow construction management professionals to record, track, and
communicate construction administration actions between the Government and
contractors (USACE, n.d.). These actions include but are not limited to creating and
communicating correspondence such as letters and memorandums, recording and
managing subcontractors' information, executing finance actions such as creating and
processing monthly progress payments and contract modifications or changes, recording
and processing quality control daily reports, and performing quality assurance actions. In
addition, the system allows construction management personnel to input and oversee
project schedule activities, monitor and document monthly progress, request the
Government's review of product data sheets, design drawings, and work statements, and
submit RFIs to clarify contract specifications, requirements, and design drawings.
3.2 Data Collection and Variables

All projects evaluated in this research are part of the RMS 3.0 database, which
includes real-life project datasets. These projects were started and completed between
May 1997 and June 2022. The obtained data is categorized according to the completion
status of each project and the existence of a valid Notice-to-Proceed (NTP), initial
Beneficial Occupancy Date (BOD), and final BOD. After the sorting process, the RMS
database has a total of 1,167 projects that have been completed at 100% and had a valid
NTP, original BOD, and final BOD.

This research paper defines the construction completion date as the original BOD.
"BOD is the date the customer can expect to receive useful occupancy of the facility or

construction work" (U.S. Army Corps of Engineers, 2012). When construction projects
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are completed on a date that is other than the original BOD, the original BOD becomes
the actual BOD. The actual BOD can be earlier or later than the original BOD. When the
actual BOD is earlier than the original BOD, the projects are considered as completed
ahead of the schedule. When the actual BOD is later than the original BOD, the projects
are considered to be completed behind schedule. When the actual BOD is the same as the
original BOD, the projects are considered completed on time. In this research paper, data,
which consists of qualitative and quantitative factors, is collected from the RMS 3.0
database with the written permission of the USACE Europe District's office of counsel.
Each project has data stored under variables in the RMS 3.0 database. These
variables or factors that impact the duration of the project are extracted from the database
by utilizing structured query language (SQL). SQL is the designated language used to
create, manipulate, and retrieve data from a relational database, which is popular due to
its ability to effectively manage vast quantities of data when structured appropriately
(Beaulieu, 2009). Confidentiality reasons prevent the disclosure of data providers to RMS
3.0, including contractors, project delivery team members, and project and program
managers. The project names and field office identifications are also anonymized due to
privacy reasons. Table 4 displays independent variables impacting construction project

completion durations.
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Table 4. Project variables and attributes

No Variable Attributes
1 gr;); :;: t Completion (Calendar Dependent Quantitative Integer
2 | Project Name (Masked) Categorical Qualitative Nominal
3 | Project Office (Masked) Categorical Qualitative Nominal
4 | Contractor (Masked) Categorical Qualitative Nominal
5 | Contract Type/Method Categorical Qualitative Nominal
6 fé(:lzgiigfg f}l:‘;lon Deficit Independent Quantitative Integer
7 | Original Value w/ Options ($) | Independent Quantitative Continuous
8 | Final/Current Value ($) Independent Quantitative Continuous
9 | No. of RFIs Independent Quantitative Integer
10 | No. of Transmittals Independent Quantitative Integer
11 | No. of Modifications Independent Quantitative Integer
12 | No. of Mishaps Independent Quantitative Integer
13 | No. of Days Lost Independent Quantitative Integer
14 | No. of AHAs Acknowledged Independent Quantitative Integer
15 | No. of Engineering Changes Independent Quantitative Integer
16 | No. of Discretionary Changes Independent Quantitative Integer
17 I(\:I}(;I(l);el\;hscellaneous Independent Quantitative Integer
18 ggngiggfzgﬁl :;tse Independent Quantitative Integer
19 | Changes Over $50K Independent Quantitative Integer
20 | Changes Over $150K Independent Quantitative Integer
21 | Changes Over $250K Independent Quantitative Integer
22 | Changes Over $500K Independent Quantitative Integer

3.3 Data Cleaning and Preparation

Identifying and fixing corrupted data is a persistent obstacle in data analysis, and

neglecting to address it can lead to erroneous analytics and untrustworthy statistical

inferences (Chu et al., 2016). Data cleaning involves rectifying or eliminating inaccurate,

corrupted, incomplete, improperly structured, duplicated, or unfinished data in a dataset

(Tableau, n.d.).
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The USACE Europe District’s RMS database comprises 4,667 projects

(observations) between May 1997 and June 2022. Each observation contains 16

independent variables that impact project completion durations. This research conducts

the following three steps for cleaning and preparation of these observations:

(1) Removal of observations due to data incompleteness:

The contract stage is sorted out to identify the projects that are 100%
completed. Any observations that are not 100% completed are removed
from the dataset.

Observations are filtered for valid/complete "Original Value w/Options"
and "Final/Current Value" values. Any observations without values for
these two variables are removed.

Observations that did not have "Original BOD," "Scheduled BOD," or
"Final BOD" values are removed.

Observations with a performance period that overlaps with the duration of
the COVID-19 pandemic are removed. This research establishes the
COVID-19 pandemic duration between March 2020 and December 2021.
After the first data screening step, there are 866 observations remaining in

the dataset.

(2) Removal of observations due to invalid data points:

Each observation must have a value other than zero (0) for the “No. of
Transmittals” independent variable due to the complexity/nature of the
projects and the project management processes. The observations with

the value of zero (0) in “No. of Transmittals” are removed.
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= (QObservations with the value of zero (0) in “No. of RFIs” are removed.
Each observation must have a value other than zero (0) for the “No. of
RFIs” independent variable due to processing the information request for
each project.

= Observations with less than $1M in “Final/Current Value” are considered
small-scale and are removed from the dataset.

= After completing the second step of data screening, there are a total of 122
medium and large-scale observations valued above $1M, and a total of
169 small-scale observations valued below $1M remain.

(3) Data generation:

= The dependent variable “Project Completion (Calendar Days)” value for
each observation is determined by calculating the difference between the
“NTP” date and the "Final BOD" date.

= "Project Completion Deficit" is generated in calendar days by subtracting
the “Original BOD” from the “Final BOD”.

Any personally identifiable information (PII), such as contractors, project delivery
team members, and project and program managers’ identifications, are not disclosed due
to privacy considerations. The project, contractor, and field office identifications
are anonymized using letters and numbers.

In this research paper, two separate predictive models are developed to maintain
high predictive accuracy across different project scales. The dataset contains 122 medium
and large-scale projects valued above $1M and 169 small-scale projects valued under

$1M. If combined into a single predictive model, the small-scale projects would
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compromise the model's predictive accuracy power since they follow different patterns
and relationships compared to larger projects. By developing distinct models (one for
medium-large projects using 122 observations and another for small projects using 169
observations), the research can better capture the unique characteristics and duration
patterns specific to each project scale category. In Appendix A, Table 24 displays the
dataset used to develop a predictive model to forecast medium and large-scale
construction project completion durations. Meanwhile, Table 25 in Appendix A
represents the dataset for developing a predictive model to forecast small-scale
construction project completion durations. Both tables include model fits and residuals.
Chapter 4 outlines the detailed multiple linear regression analyses for developing these
two distinct predictive models.
3.4 Statistical Methodology

This research examines the causes of construction project delays by using the
multiple regression analysis approach in order to create a prediction model and reduce or
eliminate future completion delays. More specifically, this study utilizes linear regression
analysis employing the "least squares" approach to accurately fit a line across a given
collection of data. Regression analysis allows for the examination of how changes in one
or more independent variables impact a single dependent variable (Abu Hammad et al.,
2010). In this paper, the regression analysis starts by establishing the dependent and
independent variables introduced in section 3.2, Data Collection and Variables. The
dependent variable is “Project Completion (Calendar Days)”, as displayed in Table 4.

The study employs 16 independent variables, denoted as X parameters, and one

dependent variable, denoted as Y, in its regression analysis, therefore classifying it as a
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multiple linear regression. The mathematical representation of the multiple linear
regression model in Shruti's (2017) paper is introduced in Equation 2 in the literature
review section. Table 5 depicts the dependent and the independent variables with their
parameter numbers.

Table 5. Multiple linear regression model's dependent and independent variables

[darameter Variable Attribute
Y Project Completion (Calendar Days) Dependent
X, Original Value w/ Options ($) Independent
X, Final/Current Value ($) Independent
X3 No. of RFIs Independent
X4 No. of Transmittals Independent
Xs No. of Modifications Independent
Xg No. of Mishaps Independent
X, No. of Days Lost Independent
Xg No. of AHAs Acknowledged Independent
X, No. of Engineering Changes Independent
Xi0 No. of Discretionary Changes Independent
X171 No. of Miscellaneous Changes Independent
X1 No. of Differing Site Conditions Changes Independent
Xi3 Changes Over $50K Independent
Xia Changes Over $150K Independent
Xis Changes Over $250K Independent
X16 Changes Over $500K Independent

This section also reviews and examines the mathematical principles behind
regression analysis. This will enable us to draw meaningful statistical conclusions from
the values generated by the statistical tool in Chapter 4. In Shruti's (2017) mathematical
Equations 9 through Equation 31 below, the term of error is represented interchangeably

as "e" or "e." Linear regression is defined as:

Y=aX+b+ ¢ 9)
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Where Y is actual or observed, aX + b is explained or predicted, and ¢ is an error. In
linear regression, the error term & follows a normal distribution with E(¢) = 0 and a
constant variance Var(g) = o2.
Equation 10 below is another representation of linear regression where Y is
observed, Y is predicted or estimator, and £ is error or residual.
Y=V+¢& (10)
The term predicted value is also defined as a conditional mean. Equation 9 can
also be expressed as equation 11 below for the predicted values.
Y=aX+ b (11)
Equation 11 is commonly referred to as the Sample Regression Function (SRF),
with the intercept being denoted by Equation 12, where Y is the sample mean of Y, and X
is the sample mean of X.
b=Y-aX (12)
Slope (&) is represented as:

SSyy  X(X—-X)(Y-Y) Xxy Cov(X)Y)

=35 YX - X)?2  2x2  Var(X) (13)
where
Cov(X,Y) = Var(X,Y) = L(X _nX_)(ly_ " (14)
and
X — X)? Y — V)2
Var(X) = Z(nfl) ,Var(Y) = % (15)
Then Equation 14 can be expressed as:
a= 2 __ XXy (16)

Y X2 —nX? Y X?-nX?
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Shruti (2017) defines x = (X — X) and y = (Y — Y). In this context, lowercase letters (x
and y) represent deviations from the mean values.
There are three distinct categories of the sum of squares (SS) (Shruti, 2017): (1)
The regression sum of squares (SS;.¢g4), also known as the explained SS, is a metric that
quantifies the amount of variation explained by a regression model.
SSreg = L —¥)? (17)
(2) The residual sum of squares, also known as the error sum of squares (SS¢;,),
represents the unexplained variation in a dataset.
SSerr = SSresiauar = 2y —9)? = L& (18)
(3) The total sum of squares (SS;,¢q;) represents the overall amount of variation in the
data.
SStotat = SSreg t SSerr (19)
SStotar = (Y — ¥)° (20)
The coefficient of determination (72) is defined as the ratio of SSreg t0 SStotar» Which is

depicted in Equation 21.

rz _ SSreg _ SSreg —1— SSerr (21)
SStotal SSreg + SSerr SStotal

The SRF can be expressed as Equation 22 in terms of deviation form:

52 A2\ .2 2
- 3 S5 0 35)

The expression for 12 is obtained by dividing both the numerator and denominator by the
sample size 'n' as shown in Equation 23, where SZ and Sﬁ represent the sample variances

of X and Y, respectively.
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S2 Var X
2 _ a22x) _ a2
= — | = 23
r @ (5'32,) @ (VarY) (23)

When substituting the value of the variable @2 in Equation 22 with Equation 13, the

resulting expression becomes:

2
Then
X Cov (X,Y
"o \/Z(:Z;cz }Z]:)yz - JVar (Xg. Va7)" 09 (25)
In the given equation 25, the letter r represents the sample or linear correlation
coefficient. Then, Equation 21 can be expressed as:
SSreg =17 SStotal (26)
Then
SStotar = L Y? (27)
SSreg =12 L y? (28)

By substituting the values from Equation 27 and Equation 28 into Equation 19, we
obtain:
SSerr =Xy? (1 =17 (29)

Ultimately, substituting the expressions from equations 27, 28, and 29 into Equation 21
yields the following result:

YyP=r*yy*+Xy*(1-1r?) (30)

Shruti (2017) addresses the coefficient of determination, denoted as 2, is a value

that falls within the range of 0 and 1. A higher value of 72 indicates a higher level of

accuracy for the model (Lowe, Emsley & Harding, 2006; Yeom et al., 2018). A value of
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1 for 2 indicates a perfect fit, while a value of zero indicates "no relationship between
the regressor and the regress" (Shruti, 2017). Additionally, 72 is a statistical measure that
quantifies the degree of accuracy between estimated values and their corresponding real
values. The value of 72 can also be determined by calculating the squared coefficient of

correlation between the actual Y and the Y. This value is written as:

,_ SO -PPE -7 Ty
S -T?LF -7 Zy2Ey?

(3D

3.5 Statistical Tool

This research conducts multiple linear regression analysis with accompanying
data examinations using Minitab® 21 statistical software in order to develop a prediction
model for forecasting project completion dates. Statistical software is an essential
component of statistical analysis. Minitab® is a statistical program created in 1972
by university professors to serve as an educational tool for statistics courses; however,
today, it has solidified its position in both basic and advanced statistical courses at
universities, as well as statistical applications in Government and private industry to
make data-driven decisions (Alin, 2010; Minitab, n.d.).
3.6 Building the Model

This study employs multiple linear regression to develop a prediction model for
forecasting construction project completion dates. Multiple linear regression aims to
describe the correlation between a single dependent variable and two or more
independent variables, while the independent variables can affect the dependent variable
(Sihombing et al., 2023). This paper utilizes the steps displayed in Figure 16 to develop a

multiple linear regression model.
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Figure 16. Multiple linear regression model development steps

As the first step in developing the multiple linear regression model, this research
determined 16 independent variables labeled X; through X, parameters and one
dependent variable identified as Y in the multiple linear regression model. Table 5
displays the dependent and independent variables together with their corresponding
parameter numbers. Additionally, Equation 2 in the literature review of this
paper presents the mathematical form of the multiple linear regression model as
previously discussed.

The next step in creating the multiple linear regression model involves examining
each variable individually by analyzing dispersion and frequency distributions

with graphical representations to evaluate normality (Corporation & Corporation, 2024;
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California State University, n.d.). The study then evaluates the correlation between each
independent and dependent variable by calculating the correlation coefficient and
creating a scatter plot to analyze their linear relationships individually. Finally, it
evaluates the relationships among the independent variables by calculating a correlation
coefficient matrix to analyze their correlations. All activities in this step, including
creating graphical representations, are performed using Minitab® statistical software.

The next step evaluates the significance of the initial and reduced multiple linear
regression models. The reduced model is created after the initial model is developed
based on the assigned p-value and the elimination methodology. Each predictor's p-value
is assessed throughout the elimination phase to determine its significance to the model.
The reduced model is then created by excluding insignificant predictors and retaining
only those that are significant. At this stage, this paper determines if the entire model is
statistically significant to accurately predict construction project completion calendar
days by examining the null hypothesis (“The model is not statistically significant, which
means all the parameters of predictors are not significantly different from zeros”) and
alternate hypothesis (“The model is statistically significant which means at least one
predictor parameter is significantly different from zero”) based on the p-values.
(Corporation & Corporation, 2024).

The last step involves evaluating the prediction model for its effectiveness and
accuracy and explaining the practical implications of the model for forecasting

construction project completion days.
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Chapter 4 — Findings, Analysis, and Results

This chapter presents the research findings, analysis, and results on predicting
construction project durations using multiple linear regression analysis. First, this chapter
uses a scatterplot with a regression line to examine the correlation between the dependent
variable, project completion (measured in calendar days), and the independent variables.
This allows us to check the assumption of a linear relationship between the dependent
and independent variables. Next, based on an initial analysis, various models are
compared to identify the most accurate predictive approach and determine the most
suitable independent variables. Subsequently, this research develops two distinct
predictive models: one for medium and large-scale projects and another for small-scale
projects. This divergence in modeling strategy stems from the need to prevent model
degradation due to outliers or unusual data points, a rationale that will be elaborated upon
in the following sections of this chapter. Lastly, this research uses the k-fold cross-
validation method to evaluate predictive models’ accuracy.
4.1 Assumptions

This study makes the following assumptions about developing predictive models.
It checks each assumption to ensure that the models are valid and that prediction accuracy
is increased.

1. Linearity: The relationship between the dependent and independent variables is
linear. Through linearity analysis, this study checks this assumption by evaluating
the relationship between the dependent and independent variables.

ii.  Normality: The residuals are normally distributed. This assumption is checked by

performing the Anderson-Darling test for the residuals.
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iii.  Multicollinearity: There is no high multicollinearity between the independent
variables. This assumption is checked by examining the variance inflation factor

(VIF).

iv.  Autocorrelation: The residuals are not correlated with each other. This assumption
is checked by evaluating the Durbin-Watson statistics for each model.

v.  Homoscedasticity: The residuals are homoscedastic. This assumption is checked
by examining each model's residuals versus fits plot to ensure that residuals are
distributed randomly.

4.2 Linearity Analysis

This study uses a scatterplot with a regression line to evaluate the
linearity between the dependent and independent variables. A regression line is a useful
tool for identifying and analyzing trends in research data, enabling accurate predictions to
be made based on the data. Scatter plots are highly efficient and commonly employed
methods for visually exploring research data, including relationships between variables
(Keim et al., 2010).

Figure 17 (a) through (i) displays scatterplots of the dependent variable, project
completion (calendar days), versus the independent variables for the dataset, which
consists of 122 observations, for multiple linear regression analysis, predicting medium
and large-scale project durations. The scatterplots indicate a positive linear
relationship between the dependent and independent variables. As the duration (measured
in calendar days) of the project completion increases, the values of all independent
variables also increase. In addition, each pair on the scatterplot depicts the data exhibiting

a loose clustering pattern, so each plot in Figure 17 can be described as displaying a

52



moderate linear relationship between the dependent and the independent variables. This
also suggests that there are many outliers in the data, which are far from the regression
line. It may cause the linear relationship between the dependent and each independent
variable to become less strong. Unusual data analysis is discussed in detail during the

development of predictive models later in this chapter.
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Figure 17. Scatterplots of project completion (calendar days) versus independent
variables for medium and large-scale project dataset
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Figure 17. Scatterplots of project completion (calendar days) versus independent
variables for medium and large-scale project dataset (Continued)

This study analyzes the linear relationships between project completion durations
(measured in calendar days) and the independent variables for small-scale projects.
Scatterplots in Figure 24 (a) through (h) in Appendix A visualize these relationships
across 169 observations. The plots display positive linear correlations: as project
completion duration increases, all predictor variables show corresponding increases.
Unlike the analyses for medium and large-scale projects, the small-scale dataset excludes
the 'Changes over $500K' variable, as all its values are zero. Consequently, this variable
is omitted from both the linearity analysis and the predictive model development for
small-scale construction projects.

4.3 Preliminary Model Comparisons

This study initially develops seven multiple linear regression models in Minitab®,
each comprising an initial and reduced model. Table 6 displays the comparisons of these
models for predicting medium and large-scale project durations. Throughout the model
development process, independent variables with questionable data collection accuracy
were thoroughly removed, as indicated by strikeouts in Table 6, and regression analyses

were subsequently repeated. The parameter values suggest that the fifth reduced model's
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values are well-suited for predicting construction project completion durations based on
several key factors. Firstly, the R-squared (R-sq), adjusted R-squared (R-sq(adj)), and
predicted R-squared (R-sq(pred)) values for both the initial and reduced versions of the
fifth model are notably high, exceeding 90%. Secondly, the Mallows' Cp value for the
fifth reduced model ranks as the second lowest among all models. Additionally, the fifth
model exhibits the lowest AICs and BIC values for both initial and reduced versions
when compared to all other models. Furthermore, it demonstrates the most favorable
Durbin-Watson Statistics value for both initial and reduced models. Lastly, the fifth
reduced model is developed using only four predictors, which is fewer than the other
reduced models, contributing to its efficiency. This study focuses on building the fifth
initial and reduced model for predicting medium and large-scale construction project

durations.
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Table 6. Preliminary model comparisons for predicting medium and large-scale project

durations
1st Model 2nd Model 3rd Model 4th Model
S 78.0704 80.1923 66.4055 68.884
R-sq 96.03% 96.18% 93.68% 93.75%
R-sq (adj) 94.62% 94.96% 91.40% 92.27%
R-sq (pred) 91.49% 89.88% 86.51% 87.18%
AlCc 748.33 712.44 589.16 560.65
BIC 770.71 732.73 603.73 573.9
Durbin-Watson Statistic 1.54191 2.29182 1.62369 1.3866
Beginning No. of
Observations 122 122 122 122
Remaining No. of
Observations 62 >0 >0 48
No. of Unusual
Observations Removed 60 63 ” "
Eﬁ No. of Predictors 16 14 13 9
S Original Value w/ Original Value w/ OriginabValuew! OriginabValuew!
E Options Options Optiens Optiens
g Final/Current Value ($) Final/Current Value ($) Final/Current Value ($) Final/Current Value ($)
‘= No. of RFIs No. of RFIs No. of RFIs No. of RFIs
= No. of Transmittals No. of Transmittals No. of Transmittals No. of Transmittals
No. of Modifications No. of Modifications No. of Modifications No. of Modifications
No. of Mishaps No. of Mishaps No. of Mishaps No. of Mishaps
No. of Days Lost Neo—ofDaystost Ne—of Daystost Neo—ofDaystost
No. of AHAs Ne—ofAHAs Ne—ofAHAs Ne—ofAHAs
Acknowledged Acknowledged
. No. of Engineering No. of Engineering No. of Engineering Neo—of Engineering
Predictors Changes Changes Changes Changes
No. of Discretionary No. of Discretionary No. of Discretionary Neo—of Diseretionary
Changes Changes Changes Changes
No. of Miscellaneous No. of Miscellaneous No. of Miscellaneous Ne—of MisceHaneous
Changes Changes Changes Changes
No. of Differing Site No. of Differing Site No. of Differing Site Neo—of Differing Site
Condition Condition Condition Condition
Changes Over $50K Changes Over $50K Changes Over $50K Changes Over $50K
Changes Over $150K Changes Over $150K Changes Over $150K Changes Over $150K
Changes Over $250K Changes Over $250K Changes Over $250K Changes Over $250K
Changes Over $500K Changes Over $500K Changes Over $500K Changes Over $500K
S 93.1299 92.6326 81.4221 68.3300
R-sq 93.47% 94.20% 89.44% 93.52%
R-sq (adj) 92.34% 93.28% 87.06% 92.39%
R-sq (pred) 88.45% 89.76% 80.57% 90.10%
Mallows' Cp 7.82 25.72 12.95 7.36
AlCc 754.54 716.63 599.65 555.74
BIC 772.66 732.82 613.73 567.84
E» No. of Observations 62 59 50 48
§ Durbin-Watson Statistic 1.21057 1.91956 1.49448 1.4158
g | No. of Predictors 9 8 9 7
= Original Value w/ Original Value w/ Final/Current Value ($) Final/Current Value ($)
b4 Options Options No. of RFIs No. of RFIs
& Final/Current Value ($) Final/Current Value ($) No. of Modifications No. of Mishaps
No. of Transmittals No. of Transmittals No. of Mishaps Changes Over $50K
No. of Modifications No. of Engineering No. of Discretionary Changes Over $150K
No. of Days Lost Changes Changes Changes Over $250K
Predictors No. of AHAs No. of Discretionary No. of Miscellaneous Changes Over $500K
Acknowledged Changes Changes
No. of Engineering Changes Over $150K No. of Differing Site
Changes Changes Over $250K Condition
No. of Miscellaneous Changes Over $500K Changes Over $250K
Changes Changes Over $500K
Changes Over $150K
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Table 6. Preliminary model comparisons for predicting medium and large-scale project
durations (continued)
Sth Model 6th Model 7th Model
S 41.3197 32.8243 26.172
R-sq 95.84% 97.97% 98.77%
R-sq (adj) 94.34% 97.65% 98.57%
R-sq (pred) 89.68% 91.06% 97.95%
AlCc 381.52 533.99 433.92
BIC 387.15 547.53 44437
Durbin-Watson 1.93671 1.84232 2.10798
Statistic
Beginning No. of
Observations 122 175 175
Remaining No. of
Observations 3 33 4
< | No. of Unusual
S | Observations 87 122 130
= | Removed
‘£ | No. of Predictors 9 7 6
B Original Value w/ Options Original Value w/ Options Original Value w/ Options
. Finalc Valuods Finabc VatuedS
No. of RFIs No—ofREks No—otRFks
No. of Transmittals Neo—of Fransmittals Neo—of Fransmittals
No. of Modifications No. of Modifications No. of Modifications
No. of Mishaps No. of Mishaps Neo—of Mishaps
Neo—of AHAs Acknowledged No—of AHAs Acknowledged Neo—of AHAs Acknowledged
Predictors i i Noof Ensineerina Ch i P
NocofEngincering Changes No-of ing-Chan NocofEngincering Changes
Nowof Diffaring Site Conditi Noof Diffarine Site Conditi Nowof Diffaring Site Conditi
Changes Over $50K Changes Over $50K Changes Over $50K
Changes Over $150K Changes Over $150K Changes Over $150K
Changes Over $250K Changes Over $250K Changes Over $250K
Changes Over $500K Changes Over $500K Changes Over $500K
S 45.4666 33.5763 30.619
R-sq 93.96% 97.83% 98.22%
R-sq (adj) 93.15% 97.54% 98.05%
R-sq (pred) 91.51% 91.19% 97.41%
Mallows' Cp 6.08 9.13 5
= AlCc 376.12 534.64 444.56
é BIC 382.45 547.13 453.19
No. of
§ Observations 3 >3 +
= .
<= | Durbin-Watson
é Statistic 2.00068 1.6706 1.9735
No. of Predictors 4 6 4
Original Value w/ Options Original Value w/ Options Original Value w/ Options
No. of Transmittals No. of Mishaps No. of Modifications
. No. of Modifications Changes Over $50K Changes Over $250K
Predictors Changes Over $250K Changes Over $150K Changes Over $500K
Changes Over $250K
Changes Over $500K

4.4 Multiple Linear Regression Analysis
The section focuses on developing two separate predictive models in Minitab®:

one adapted for medium and large-scale projects and another specifically developed for
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small-scale projects. This development approach is required to mitigate models’
performance deterioration caused by outliers or unusual data points. To assess the
accuracy of these predictive models, this study utilizes the k-fold cross-validation
technique.
4.4.1 Best Subsets for Medium and Large-Scale Projects

Table 7 displays the results of the best subset regression for the initial model. The
best subsets regression results show a substantial improvement in model performance
metrics when moving from one to four variables, with R-squared values increasing
substantially from 68% to 94%. Examining the key metrics, there is a clear pattern of
improvement: AICc drops from 426.108 to 376.119, BIC decreases from 430 to 382.451,
Mallows Cp reduces significantly from 160.7 to 11.3, and S value improves from 99.58
to 45.467. The first four-variable model appears particularly promising, achieving a
predicted R-squared value of 91.5% while maintaining strong values across all criteria.
While models with more variables show slight improvements in these metrics with the
lowest AICc value of 372.047 and S value of 40.443 with six variables, and the best
Mallows Cp value of 5.8 also with six variables, these improvements are relatively
modest compared to the increased model complexity. The four-variable model, which
includes the predictors, Original Value w/ Options, No. of Transmittals, No. of
Modifications, and Changes over $250K, represents an optimal solution where other
models with additional variables provide increased complexity. Compared to more
complex models, the lower BIC value of the first four-variable model also supports its
selection, as BIC specifically penalizes additional parameters more heavily. Furthermore,

the proximity of its Mallows Cp value of 11.3 suggests a good model fit without
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overfitting, making it a more practical selection for predicting medium and large-scale
project durations.

Table 7. Best subsets regression for medium and large-scale projects

2
2 @ @ X X X
3 s | B |2 R
~ o =} - £ = = ° — I n
@ =3 = ~ 4 < ] 1723 @ 23
| 5| % 2 A o AR AR A A AR
- I @ e z » g = 2| S| 512|518 |38 s
= -1 7 & = = < ~ = ° - = P
S : &~ % = Sl 2|28 8] 8| 8| ¢
-1 & = = | ~ | s 2 £ B I -
£ S| s S| 8| 2| g
2 z 1o |0 |0
S
1| 68.1 | 672 | 379949.8 | 63 | 160.7 | 99.58 | 426.108 430 X
1 58 | 56.7 | 4743953 | 53.8 | 221.4 | 11427 | 435.739 | 439.63 X
2 | 79.6 | 78.4 | 289450.6 | 71.8 | 93.5 | 80.844 | 412.999 | 417.887 X X
2 | 74 | 724 | 365793.8 | 64.4 | 1272 | 91.297 | 421.511 | 426399 X
31927 | 92 | 912504 | 91.1 | 16.6 | 49.005 | 379.581 | 385289 | X X X
3 | 835 | 819 | 2396423 | 767 | 722 | 73.921 | 408.357 | 414.065 | X X X
4 | 94 | 932 | 87124 | 915 | 113 | 45467 | 376.119 | 382451 | X X | x X
4 | 937 | 929 | 825588 | 92 | 12.8 | 46.403 | 377.545 | 383.877 | X X X
5 | 949 | 94 | 746321 | 927 | 7.7 | 42.539 | 373.421 | 380.16 | X X | x| x X
5 | 946 | 93.7 | 792104 | 923 | 9.5 | 43.753 | 375391 | 38213 | X X | X X
6 | 955 | 946 | 637784 | 938 | 58 | 40.443 | 372.047 | 378951 | X X | x| x X | x
6 | 95 | 94 | 851562 | 91.7 | 89 | 42.684 | 375.821 | 382726 | X X | x| x X
7 | 957 | 946 | 70386 | 93.1 | 6.8 | 4041 | 374378 | 381.176 | X X | x| x X | x
7 | 956 | 944 | 733815 | 929 | 7.6 | 40.989 | 375374 | 382.172 | X X | x| x X | X
8 | 958 | 946 | 79073.1 | 92.3 8 40.521 | 377.216 | 383.603 | X X | x| x X | x
8 | 957 | 944 | 985913 | 90.4 | 88 | 41.155 | 378303 | 38469 | X X | x| x X | X
9 | 958 | 943 | 105965.6 | 89.7 | 10 4132 | 381521 [ 387152 | X | X | X | X | X | X | X | X

4.4.1.1 Model Run

This section focuses on developing the initial predictive model for forecasting
medium and large-scale construction project completion durations. The dependent and
independent variables are determined and are displayed in Table 5. Equation 32

represents the initial model with nine predictors and their coefficients.
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Project Completion (Calendar Days)

= 472.24 — 0.000013 [Original Value with Options]

+ 0.134 [No.RFIs] + 0.4509 [No.of Transmittals]

+ 0.856 [No.of Modifications] + 14.82 [No.of Mishaps]

+ 0.14 [Changes Over $50K] — 14.88 [Changes Over $150K]

+ 113.6 [Changes Over $250K]

— 17.8 [Changes Over $500K] (32)
4.4.1.1.1 Model Evaluation

Standard Deviation (S), R-squared, R-squared (adjusted), R-squared (predicted),

AICc and BIC values are examined for all prediction model summaries in this paper. S is
quantified in the calendar days as the response variable (project completion) and indicates
the extent to which the observed data values deviate from the predicted values. A smaller
value of S indicates a more accurate description of the response by the model; however, a
low S value alone does not always imply that the model fulfills the model assumptions
(Minitab®, n.d.). Table 8 displays the initial multiple regression model summary for the
prediction of medium and large-scale project completion durations. The S value (the
standard deviation of the data points around the fitted values) of 41.3197 is reasonably
low, indicating a good fit.

Table 8. Initial predictive model summary for medium and large-scale projects

S R-sq R-sq(adj) | PRESS | R-sq(pred) | AICc BIC
413197 | 95.84% 94.34% 105966 89.68% 381.52 | 387.15

This study utilizes the R-squared value to assess the degree of fit between the
model and the research data. A higher R-squared value indicates a stronger fit between

the model and the data, while the value of R-squared always falls between the range of
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0% to 100% (Minitab®, n.d.). In Table 8, the R-squared value indicates that the model
explains 95.84% of the variation in the response. Therefore, data points fall close to the
fitted regression line. This means that the initial model predicts the completion durations
well.

The adjusted R-squared is a measure that quantifies the proportion of the
variability in the response that can be explained by the model, considering the number of
predictors in relation to the number of observations (Minitab®, n.d.). This research uses
the adjusted R-squared value to compare models (initial versus reduced model) with
varying amounts of predictors.

The predicted R-squared is computed by excluding each observation from the
dataset, estimating the regression equation, and evaluating the model's ability to predict
the excluded observation (Minitab®, n.d.). This paper utilizes the predicted R-
squared value to assess the accuracy of the models in predicting the completion durations.
Models with higher predicted R-squared values indicate greater predictive capability. In
Table 8, the high predicted R-squared value of 89.68% indicates that the model predicts
completion durations well. In addition, the predicted R-squared value is not significantly
lower than the R-squared value of 95.84%; therefore, it suggests that the model is not
overfitting.
4.4.1.1.2 Residuals Examination

This paper analyzes residual plots to assess whether the assumptions of normality
and homoscedasticity are being satisfied. When these criteria are met, ordinary least
squares regression will generate coefficient estimates that are unbiased and have the

lowest possible variance to predict project completion durations. Figure 18 displays
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residual plots for the initial fit regression model with (a) normal probability plot, (b)
residuals versus fits, (¢) histogram, and (d) residuals versus order.

The normal probability plot in Figure 18 (a) has most of the residuals close to the
fitted line while some are on the line. The pattern does not have a skewed distribution.

Figure 18 (b) displays a plot of residuals versus fits, demonstrating a
homoscedastic pattern. The residuals are evenly distributed throughout the fitted values,
conforming to the assumption of constant variance of residuals.

The histogram of residuals in Figure 18 (c) does not have a skewed distribution or
separate bars on either side of the distribution. It follows a normal distribution.

The residuals versus order plot in Figure 18 (d) verifies the assumption of
independence among the residuals. When the residuals are displayed in order of time, no
obvious trends are seen. This suggests that the residuals on the plot exhibit a random
distribution with no discernible pattern around the center line, and the variance of the

residuals does not increase or decrease over time.
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Figure 18. Residual plots of the initial fit regression model for medium and large-scale
projects

4.4.1.1.3 Outlier and Unusual Data Analysis

Unusual observations and outliers are evaluated to prevent the development of a
less accurate or misleading predictive model due to their significant effects. This paper
runs fits and diagnostics in Minitab® for all observations to identify significantly large
residuals and leverage values (also called unusual observations). Unusual observations
were determined and removed from the dataset at each regression analysis. Then, the
regression analysis is repeated with the remaining observations. Until the final initial
predictive model displayed in Equation 32 was developed, a total of 87 unusual
observations with large residuals were removed from the dataset through multiple

regression analyses.
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4.4.1.1.4 Variable Significance Evaluation

The p-values in Table 9 are used to reduce the initial model by eliminating the
statistically insignificant predictors to enhance the precision of predicting project
completion durations. First, this study selects a significance level (o) of 0.05. Next, it
removes insignificant predictors with p-values greater than the selected alpha. Table 9
displays the predictors, No. of RFIs, Changes Over $50K, Changes Over $150K, and
Changes Over $500K, with p-values higher than the chosen alpha value of 0.05. Then, it
develops a simplified prediction model (also known as the reduced model) using
predictors that have substantial statistical significance.

Table 9. Coefficients of the initial predictive model for medium and large-scale projects

Term Coef SE Coef 95% CI V:l'ue V:l'ue VIF
Constant 472.24 9.91 (451.83, 492.66) 4764 | 0
8&%2?;1 Value w/ -0.000013 | 0.000002 | (-0.000016, -0.000010) | -8.44 0 7.29
No. of RFIs 0.134 0.15 (-0.176, 0.444) 0.89 | 0.382 | 5.76
No. of Transmittals 04509 | 0.0473 (0.3535, 0.5484) 9.53 0 6.47
No. of Modifications 0.856 0.362 (0.109, 1.602) 236 | 0.026 | 1.91
No. of Mishaps 14.82 6.38 (1.67,27.97) 232 | 0.029 | 2.86
Changes Over $50K 0.14 2.12 (-4.23,4.51) 0.07 | 0.947 | 4.63
Changes Over $150K | -14.88 8.15 (-31.67, 1.90) -1.83 | 0.08 | 10.77
Changes Over $250K |  113.6 15.1 (82.4, 144.8) 7.5 0 | 11.05
Changes Over $500K | -17.8 14.4 (-47.4,11.9) 124 | 0228 | 247

This paper uses the variance inflation factor (VIF) to examine the degree of
multicollinearity existence for independent variables (O’Brien, 2007). When predictors in
a regression model are correlated with each other, their VIFs help quantify the impact of
this correlation. A VIF of 1 means there is no correlation between predictors. Higher VIF
values indicate that correlation exists, and when a VIF exceeds 5, it suggests that

the correlation is strong enough to make that particular regression coefficient unreliable
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(Montgomery, Peck, & Vining, 2012). In Table 9, Original Value w/ Options, No. of
RFIs, No. of Transmittals, Changes Over $150K, and Changes Over $250K have a VIF
greater than 5. This suggests that there is a high degree of multicollinearity for these
predictors; therefore, the coefficients and p-values of these five predictors may be
inaccurately assessed during the regression analysis due to the multicollinearity.
4.4.1.1.5 Autocorrelation Analysis: Durbin-Watson Statistic

This research utilizes the Durbin-Watson statistic to investigate if there is
autocorrelation between residuals. The initial model’s Durbin-Watson statistic result is
examined to avoid making inaccurate conclusions about the statistical significance of the
predictors. When there is a correlation between errors, the standard error of the
coefficients might be underestimated using least-squares regression.

Underestimated standard errors can contribute to a misleading perception of significance
for predictions (Minitab®, n.d.).

The Durbin-Watson statistic value falls within the range of 0 to 4. A statistic
value of 2 demonstrates the absence of autocorrelation. When the statistic value decreases
from 2, the magnitude of a positive autocorrelation grows. A rise in the statistic value
from 2 corresponds to an increase in the magnitude of a negative autocorrelation. The
Durbin-Watson statistic test value for the initial predictive model is calculated by
Minitab® as 1.93671. It suggests that the model exhibits a weak autocorrelation in
residuals; thus, it satisfies the linear regression assumption of no autocorrelation

between residuals.
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4.4.1.2 Reduced Model

This study aims to remove as many insignificant predictors as possible from the
initial predictive model shown in Equation 32 to optimize the predictions' accuracy. The
Stepwise selection of predictors is employed in Minitab® to exclude predictors that do
not have statistical significance. The selected threshold for statistical significance level is
0.05.
4.4.1.2.1 Stepwise Selection

Table 10 displays the Minitab® stepwise selection output of the reduced model
for medium and large-scale projects. The results of the stepwise selection demonstrate an
organized improvement in model fit across five steps. The final model with five
predictors achieves a high R-squared (adj) value of 94.01%, indicating no significant
difference compared to the initial model’s R-squared (adj) value of 94.34% in Table 8.
The model's predictive accuracy improves substantially from step 1 with an R-squared
(adj) value of 67.15% to step 5 with an R-squared (adj) value of 94.01%. The S value
decreases from 99.5802 to 42.5387. All predictors included are statistically significant
since their p-values are less than the chosen alpha value of 0.05. The final model in Table
10 includes five predictors: No. of Transmittals, Changes Over $250K, Original Value w/
Options, No. of Modifications, and No. of Mishaps. The decreasing values of Mallows'
Cp from 160.67 to 7.74, AICc from 426.11 to 373.42, and BIC from 430 to 380.16

suggest that each additional variable improves model fit while increasing accuracy.
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Table 10. Stepwise selection of the reduced model for medium and large-scale projects

Step 1 Step 2 Step 3 Step 4 Step 5
Coef | P-value | Coef | P-value Coef P-value Coef P-value Coef P-value
Constant 506.1 481 477.4 470.5 470.9
No. of . 0.3765 0 0.2993 0 0.5093 0 0.4963 0 0.4897 0
Transmittals
Changes
42.33 0 82.04 0 83.07 0 85.58 0
Over $250K
Original
Value w/ -0.000011 0 -0.000012 0 -0.000014 0
Options
No. of
. . 0.845 0.02 0.834 0.015

Modifications
No. of 14.07 0.029
Mishaps
S 99.5802 80.8444 49.0046 45.4666 42.5387
R-sq 68.12% 79.62% 92.75% 93.96% 94.89%
R-sq(adj) 67.15% 78.35% 92.05% 93.15% 94.01%
Mallows’ Cp 160.67 93.5 16.6 11.32 7.74
AlCc 426.11 413 379.58 376.12 373.42
BIC 430 417.89 385.29 382.45 380.16

Table 11 displays the coefficients of the reduced model for medium and large-

scale projects. The p-value (0.029) of No. of Mishaps is less than the chosen alpha value

of 0.05; however, it is not zero and is very close to the alpha value of 0.05.

Table 11. Coefficients of the reduced model for medium and large-scale projects

Term Coef | SE Coef 95% CI V:l'ue V:l'ue VIF
Constant 470.9 10.1 (450.3, 491.6) 46.66 0
8;15;121 Value w/ -0.000014 | 0.000002 | (-0.000017, -0.000010) | -8.97 0 6.46
No. of Transmittals 04897 | 0.0329 (0.4224, 0.5570) 14.88 0 2.95
No. of Modifications |  0.834 0.322 (0.175, 1.493) 259 | 0.015 | 1.43
No. of Mishaps 14.07 6.13 (1.54, 26.60) 23 | 0029 | 249
Changes Over $250K |  85.58 7.07 (71.12, 100.04) 12.1 0 2.27

Table 12 displays the reduced model’s analysis of variance for medium and large-

scale projects. The contribution of No. Mishaps to the reduced model is 0.03%, which is

extremely low. Considering the p-value and the contribution of No. of Mishaps predictor
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in the initial reduced model, this study excludes No. of Mishaps predictor and performs a
second stepwise selection to develop another reduced model.

Table 12. Analysis of variance of the reduced model for medium and large-scale projects

Source DF | Seq SS | Contribution | Adj SS | Adj MS | F-Value | P-Value
Regression 5 973934 94.89% 973934 | 194787 | 107.64 0
Original Value w/ Options | 1 396361 38.62% 145523 | 145523 80.42 0
No. of Transmittals 1 305213 29.74% 400495 | 400495 | 221.32 0
No. of Modifications 1 6941 0.68% 12119 12119 6.7 0.015
No. of Mishaps 1 327 0.03% 9540 9540 5.27 0.029
Changes Over $250K 1 265091 25.83% 265091 | 265091 146.5 0
Error 29 | 52477 5.11% 52477 1810
Total 34 | 1026411 100.00%

Table 13 displays the final reduced model’s revised stepwise selection for
medium and large-scale projects. The revised stepwise selection results demonstrate that
excluding the No. of Mishaps variable produces a more simplified model while
maintaining strong predictive accuracy. The revised reduced model with four predictors
achieves an R-squared (adj) value of 93.15%, compared to 94.01%, representing only a
minimal 0.86% reduction. Other key values of the revised stepwise selection in Table 13
support this simplification: the four-variable reduced model has a low Mallows' Cp of
6.08, which drops from 7.74; comparable AICc values of 376.12 versus 373.42; and
similar BIC values of 382.45 versus 380.16. The simpler model with four predictors
retains the most significant predictors, No. of Transmittals, Changes Over $250K,
Original Value w/ Options, and No. of Modifications, while eliminating No. of Mishaps

(p-value of 0.029) with relatively weak significance.
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Table 13. Revised stepwise selection of the final reduced model for medium and large-
scale projects

Step 1 Step 2 Step 3 Step 4
Coef | P-value | Coef | P-value Coef P-value Coef P-value

Constant 506.1 481 477.4 470.5
No. of Transmittals 0.3765 0 0.2993 0 0.5093 0 0.4963 0
Changes Over $250K 42.33 0 82.04 0 83.07 0
Original Value w/ 20.000011 | 0 | -0.000012| 0
Options
No. of Modifications 0.845 0.02
No. of Mishaps
S 99.5802 80.8444 49.0046 45.4666
R-sq 68.12% 79.62% 92.75% 93.96%
R-sq(adj) 67.15% 78.35% 92.05% 93.15%
Mallows’ Cp 132.97 75.8 10.3 6.08
AlCc 426.11 413 379.58 376.12
BIC 430 417.89 385.29 382.45

4.4.1.2.2 Final Regression Model
Equation 33 describes the mathematical model (four-variable reduced model)
used to predict medium and large-scale construction project completion durations.
Project Completion (Calendar Days)
= 470.5 — 0.000012 [Original Value with Options]
+ 0.4963 [No.of Transmittals] + 0.845 [No.of Modifications]
+ 83.07 [Changes Over $250K] (33)
Table 14 displays the final predictive model summary for medium and large-scale
projects. Based on the comparison of the two predictive models (the initial model in
Equation 32 and the final reduced model in Equation 33), the model in Equation 33
appears as the superior choice for predicting medium and large-scale construction project
durations despite having slightly lower R-squared value of 93.96% and R-squared (adj)

value of 93.15% compared to the initial predictive model. The key advantages of the final
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predictive model (Equation 33) include a better R-squared (pred) value of 91.51% versus
89.68% for the initial model in Equation 32. Additionally, the final predictive model
demonstrates a better model fit with a lower AICc value of 376.12 and a lower BIC value
of 382.45. While the final predictive model has a marginally higher S value of 45.47, its
superior predictive capabilities and better overall fit make it the more reliable choice for
practical applications. The combination of these factors, particularly the improved
predictive accuracy and lower information criteria values, strongly supports the selection
of the model in Equation 33 as the final model for predicting medium and large-scale
construction project durations.

Table 14. The final predictive model summary for medium and large-scale projects

S R-sq | R-sq(adj) | PRESS | R-sq(pred) | AICc BIC
45.4666 | 93.96% | 93.15% 87124.0 91.51% 376.12 | 382.45

Table 15 displays the coefficients of the final predictive model for medium and
large-scale projects. Based on the outputs, all predictors show statistical significance with
p-values lower than 0.05, indicating that they are meaningful contributors to the final
predictive model. Regarding multicollinearity, the VIF values are all below the common
threshold of 5, with Original Value w/ Options showing the highest VIF at 4.92, followed
by No. of Transmittals at 2.93, and Changes Over $250K at 2.22. No. of Modifications
has the lowest VIF at 1.43. While some correlation exists between predictors, the VIF

values suggest multicollinearity is not a major concern in this final predictive model.
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Table 15. Coefficients of the final predictive model for medium and large-scale projects

Term Coef | SE Coef 95% CI V:l'ue V:l'ue VIF
Constant 470.5 10.8 (448.4, 492.5) 4362 0
8;‘5(1)‘;11 Value w/ -0.000012 | 0.000001 | (-0.000015,-0.000009) | -8.41 | 0 | 4.92
No. of Transmittals 0.4963 0.035 (0.4247, 0.5678) 1416 | 0 | 293
No. of Modifications |  0.845 0.344 (0.141, 1.548) 245 | 0.02 | 1.43
Changes Over $250K |  83.07 7.47 (67.82, 98.31) 13| o |22

Figure 19 displays residual plots for the initial fit regression model with (a)
normal probability plot, (b) residuals versus fits, (c) histogram, and (d) residuals versus
order.

The normal probability plot in Figure 19 (a) has most of the residuals close to the
fitted line while some are on the line. The pattern does not have a skewed distribution.

Figure 19 (b) displays a plot of residuals versus fits, demonstrating a
homoscedastic pattern. The residuals are evenly distributed throughout the fitted values,
conforming to the assumption of constant variance of residuals.

The histogram of residuals in Figure 19 (c) does not have a skewed distribution or
separate bars on either side of the distribution.

The residuals versus order plot in Figure 19 (d) verifies the assumption of
independence among the residuals. When the residuals are displayed in order of time, no
obvious trends are seen. This suggests that the residuals on the plot exhibit a random
distribution with no discernible pattern around the center line, and the variance of the

residuals does not increase or decrease over time.
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Figure 19. Residual plots of the final predictive model for medium and large-scale

projects

The Anderson-Darling statistic quantifies the degree to which the data conform to
a specific distribution (Yazici & Yolacan, 2007; Minitab®, n.d.). This paper uses the
Anderson-Darling normality test to determine if the final predictive model’s residuals are
normally distributed. The hypotheses for the Anderson-Darling test are; Ho: The data
follows normal distribution, and Hi: The data does not follow normal distribution. Figure
20 displays the probability plot of the final predictive model residuals with the Anderson-
Darling test results. The Anderson-Darling test’s corresponding p-value of the residuals is
0.728, which is much higher than the alpha value of 0.05. Therefore, we fail to reject the
null hypothesis that the residuals come from a normal distribution. Thus, the final

predictive model’s residuals are normally distributed.
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Figure 20. Probability plot of final predictive model residuals with Anderson-Darling
normality test results for medium and large-scale projects

Lastly, the Durbin-Watson statistic test yielded a value of 2.00068, indicating that
residuals in the final predictive model for medium and large project completion durations
are not autocorrelated. This confirms that the model meets an important assumption
required for linear regression analysis.
4.4.1.2.3 K-Fold Cross Validation

This study uses k-fold cross-validation to evaluate the performance of the final
predictive model represented in Equation 33 in section 4.4.1.2.2 for prediction accuracy.
Table 16 displays the 5-fold cross-validation results of the final predictive model for
medium and large-scale projects. The final model in Equation 33 for predicting medium
and large-scale project completion durations demonstrates strong predictive performance
across multiple validation metrics in Table 16. The standard error of the regression (S) of
45.4666 indicates the average distance that the observed residuals fall from the regression
line. When the S value of 45.4666 is validated using 5-fold cross-validation, it increases
moderately to 50.0947, suggesting relatively stable model performance across different

data subsets. This research notes that a slight increase in S value during cross-validation
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is expected and indicates that the model maintains its predictive power even when tested
on unseen data.

Table 16. 5-fold cross-validation results of the final predictive model

5-fold

S R-sq R-sq (adj) | PRESS | R-sq (pred) | AICc BIC 5-fold S R-sq

45.4666 | 93.96% 93.15% 87124.0 91.51% 376.12 | 382.45 | 50.0947 | 91.44%

The predicted R-squared of 91.51% remains high and relatively close to both the
standard and adjusted R-squared values. This insignificant gap between the predicted and
standard R-squared values (approximately 2.45%) indicates strong generalizability.

The 5-fold cross-validation R-squared value of 91.44% further validates the
model's strength. The choice of a k value of 5 for cross-validation is appropriate for the
dataset while ensuring sufficient data in each fold for reliable validation. The selected k
value aligns well with common statistical practices, as 5-fold cross-validation is widely
accepted in the field for its ability to provide stable and accurate predictions while being
computationally efficient.

The model's information criteria metrics AICc (376.12) and BIC (382.45) provide
additional context for model selection. The relatively small difference between AICc and
BIC suggests that the model's complexity is well-balanced, as discussed in section
44.1.22.

In summary, the final regression model for predicting medium and large-scale
project completion durations demonstrates a high level of predictive power with R-
squared values over 90%, indicating that the model fits the data well and is likely to
perform effectively on new data. The predicted R-squared value of 91.51% further
supports the conclusion that the model retains strong predictive capabilities. The

combination of high R-squared values, consistent cross-validation performance, and low
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complexity, as indicated by the AICc and BIC, suggests that the predictive model for
medium and large-scale project completion durations is well-suited for deployment in
practical applications.
4.4.2 Best Subsets for Small-Scale Projects

After finalizing the final model for predicting medium and large-scale project
(above $1M) completion durations, this section focuses on developing a predictive model
for forecasting small-scale project (below $1M) completion durations. Table 17 displays
the best subset regression for small-scale projects. Based on the outputs, the first five-
variable subset appears to be the best model choice when examining various statistical
metrics. This model includes Original Value w/ Options, No. of RFIs, No. of
Transmittals, Changes over $50K, and Changes over $150K, achieving an R-squared
value of 95.5% and an adjusted R-squared of 94.8%. While the six-variable model shows
slightly higher R-squared values, the improvement is insignificant. The five-variable
model demonstrates strong predictive accuracy with a predicted R-squared value of
92.1%. Its Mallows Cp value of 24.6 is the lowest among the simpler models with five
predictors or less. The model also has a lower AICc value of 380.756 and a BIC value of
389.079 compared to models with smaller amounts of variables, indicating a better model
quality. The S value of 24.607 indicates good precision in predicting the response
variable. While the six-variable model shows some improvement in these metrics, the
gains are relatively small; therefore, they may not justify the additional complexity,
making the five-variable model the most practical selection for balancing accuracy and

simplicity.
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Table 17. Best subsets regression for small-scale projects
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1 70.5 | 69.7 | 164495.5 | 63.8 | 306.8 | 59.433 | 444.918 | 449.318 X
1 48.1 | 46.7 255963 43.7 567 78.825 | 467.509 | 471.909 X
2 85.8 85 93593.4 79.4 | 1309 | 41.773 | 418.119 | 423.732 X X
2 743 | 72.9 | 160148.2 | 64.8 | 2649 | 56.243 | 441.914 | 447.527 X X
3 90 89.2 67418.3 85.2 84 35.527 | 406.688 | 413.368 X X X
3 87.1 | 86.1 | 100990.7 | 77.8 | 117.5 | 40.326 | 416.824 | 423.504 X X X
4 932 | 92.4 58496.3 87.1 49.4 29.807 | 394.298 | 401.885 X X X X
4 92 91.1 47165.9 89.6 62.7 32.212 | 400.506 | 408.094 X X X X
5 95.5 | 94.8 36167.5 92.1 24.6 24.607 | 380.756 | 389.079 X X X X X
5 943 | 93.5 52018.2 88.6 38 27.579 | 389.877 398.2 X X X X X
6 97.2 | 96.6 21992.5 95.2 7 19.789 | 365.274 374.14 X X X X X X

4.4.2.1 Model Run

This section discusses the development of the initial model for predicting small-
scale project completion durations. Equation 34 denotes the mathematical representation
of the initial model, predicting completion durations for small-scale projects using six
predictors. Given the limited size of these projects, two predictors, Changes over $500K
and Changes over $250K, had identical values and were excluded from the regression
analysis. Additionally, after removing unusual observations during the regression
analysis, the No. of Mishaps displayed no distinct values across observations and was

also omitted from the model.
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Project Completion (Calendar Days)

= 204.04 + 0.000082 [Original Value with Options]

+ 18.443 [No.of RFIs] + 1.770 [No.of Transmittals]

+ 9.85 [No.of Modifications] — 51.96 [Changes Over $50K]

+ 82.3 [Changes Over $150K] (34)

Table 18 displays the initial predictive model summary for small-scale projects.

The model demonstrates high statistical performance, with a high R-squared value of
97.16% and adjusted R-squared of 96.64%, indicating that it explains over 96% of the
variance in the data. The predicted R-squared of 95.17% is very close to the other R-
squared values, suggesting strong predictive capability without overfitting. The S of
19.7886 represents the average distance that observations fall from the regression line.
The model's goodness of fit is further supported by its AICc and BIC values of 365.27
and 374.14, respectively. These values are used to compare the reduced model later in
this section.

Table 18. Initial predictive model summary for small-scale projects

S R-sq R-sq(adj) PRESS | R-sq(pred) | AICc BIC
19.7886 | 97.16% 96.64% 21992.5 95.17% 365.27 | 374.14

Table 19 displays the predictors, Original Value w/ Options, No. of RFIs, No. of
Transmittals, No. of Modifications, Changes Over $50K, and Changes Over $150K, with
p-values of zero, which is lower than the chosen alpha value of 0.05. Despite this
significance, this study chooses a simplified approach by implementing the best subset
method with a five-variable model to reduce complexity in predicting small-scale project
completion durations. Furthermore, the low VIF values across all predictors indicate no

multicollinearity concerns among these variables.
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Table 19. Coefficients of the initial predictive model for small-scale projects

Term Coef | SE Coef 95% CI V:l'ue V:l'ue VIF
Constant 204.04 75 (188.78,219.31) 27.2 0
8;‘5(1)‘;11 Value w/ 0.000082 | 0.000012 | (0.000056, 0.000107) | 6.61 0 1.14
No. of RFIs 18.443 0.979 (16.450, 20.435) 1883 | 0 1.83
No. of Transmittals 1.77 0.138 (1.490, 2.051) 1283 | 0 1.4
No. of Modifications 9.85 2.23 (5.32, 14.38) 4.42 0 1.76
Changes Over $50K -51.96 4.93 (-61.99, -41.93) 1054 | 0 | 2.23
Changes Over $150K 82.3 14.3 (53.2, 111.4) 5.75 0 1.45

Figure 21 displays residual plots for the initial fit regression model with (a)

normal probability plot, (b) residuals versus fits, (c) histogram, and (d) residuals versus

order.

The residuals in the normal probability plot in Figure 21 (a) show an S pattern,

with some residuals deviating from the regression line, though the histogram shows no

skewness.

Figure 21 (b) displays a plot of residuals versus fits, revealing homoscedasticity.

The residuals are evenly distributed across fitted values, confirming constant variance.

The histogram of residuals in Figure 21 (c) displays a multimodal distribution

without skewness or isolated bars on either side.

The residuals versus order plot in Figure 21 (d) confirms independence, showing

no temporal trends. The residuals are randomly distributed around the center line with

consistent variance over time.
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Figure 21. Residual plots of the initial predictive model for small-scale projects

The Durbin-Watson statistic value of 1.91438 for the initial predictive model of

small-scale projects, being quite close to the ideal value of 2.0 with only a small

difference of 0.08562, suggests that there is minimal positive autocorrelation in the

model's residuals. For practical purposes, this level of autocorrelation is negligible and

indicates that the model satisfies the important assumption of residual independence.

4.4.2.2 Reduced Model

This section uses the Minitab® Stepwise selection method to identify and

eliminate statistically insignificant predictors from the original predictive model in

Equation 34. This process helps improve prediction accuracy by retaining only the

significantly impacting variables on predicting small-scale project completion durations.
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4.4.2.2.1 Stepwise Selection

Table 20 displays the stepwise selection of the reduced model for small-scale
projects. The stepwise selection process shows an increasingly refined model across five
steps, with significant improvements in model fit. Starting with only No. of RFIs with
an adjusted R-squared value of 69.72%, the model progressively incorporates No. of
Transmittals, Changes Over $50K, Original Value w/ Options, and finally Changes Over
$150K. Each addition significantly improves the model's predictive power, ending in a
very strong final model with an adjusted R-squared of 94.81%. The decreasing Mallows'

Cp from 185.68 to 6 and declining AICc and BIC values indicate an improved predictive

model. All variables with a p-value of zero maintain their statistical significance

throughout the selection process based on the selected alpha value of 0.05. The final

model's S value improves substantially from 59.43 to 24.61, indicating improved

prediction accuracy. This five-variable model is also selected as the best subset in Table

17 in section 4.4.2 for small-scale projects.

Table 20. Stepwise selection of the reduced model for small-scale projects

Step 1 Step 2 Step 3 Step 4 Step 5

Coef P Coef P Coef P Coef P Coef P
Constant 289.4 251.6 246.69 215.9 214.12
No. of RFIs 2074 | O 16.54 | 0 19.48 0 20.74 0 19.3 0
No. of Transmittals 1.694 | O 1.928 0 1.814 0 1.914 0
Changes Over $50K -28.75 0 -35.79 0 -43.08 0
Original Value w/ Options 0.000075 0 | 0.000078 | 0
Changes Over $150K 73.4 0
S 59.4329 41.7727 35.5267 29.8066 24.6069
R-sq 70.50% 85.81% 90.01% 93.17% 95.48%
R-sq(adj) 69.72% 85.04% 89.18% 92.39% 94.81%
Mallows’ Cp 185.68 72.63 43.04 21.35 6
AlICc 444.92 418.12 406.69 3943 380.76
BIC 449.32 423.73 413.37 401.89 389.08
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4.4.2.2.2 Final Regression Model
Equation 35 presents the final five-variable model predicting small-scale
construction project completion durations.
Project Completion (Calendar Days)
= 214.12 + 0.000078 [Original Value with Options] + 19.30 [No.of RFIs]
+ 1.914 [No.of Transmittals] — 43.08 [Changes Over $50K]
+ 73.4 [Changes Over $150K] (35)
Table 21 displays the final predictive model summary for small-scale projects.
While the six-variable model in Table 18 shows slightly better statistical metrics, the
five-variable model is better for small-scale project duration predictions due to its
reduced complexity. The difference in predictive capacity, with a drop of 3.12%, is a
valuable trade-off for the improved simplicity and practicality of implementation. The
slight increase in S from 19.7886 to 24.6069 is acceptable, given the benefit of a more
practical model while maintaining high prediction accuracy.

Table 21. The final predictive model summary for small-scale projects

S R-sq R-sq(adj) | PRESS | R-sq(pred) | AICc BIC
24.6069 | 95.48% 94.81% 36167.5 92.05% 380.76 | 389.08

Table 22 displays the coefficients of the final predictive model for small-scale
projects. Table 19 displays the predictors, Original Value w/ Options, No. of RFIs, No. of
Transmittals, Changes Over $50K, and Changes Over $150K, with p-values of zero,
which is lower than the chosen alpha value of 0.05. The low VIF values across all

predictors indicate no multicollinearity concerns between these predictors.
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Table 22. Coefficients of the final predictive model for small-scale projects

Term Coef SE Coef 95% CI V:l'ue V;’l'ue VIF
Constant 214.12 8.89 (196.05, 232.18) 2409 | 0
8;‘5(1)‘;11 Value w/ 0.000078 | 0.000015 | (0.000047, 0.000109) | 5.1 0 | 1.13
No. of RFIs 19.3 1.19 (16.87,21.73) 1617 | 0 | 175
No. of Transmittals 1.914 0.167 (1.575,2.253) 11.48 0 1.32
Changes Over $50K | -43.08 5.6 (-54.45, -31.71) 7.7 0 | 186
Changes Over $150K |  73.4 17.6 (37.6, 109.3) 4.17 0 | 142

Figure 22 displays residual plots for the initial fit regression model with (a)

normal probability plot, (b) residuals versus fits, (c) histogram, and (d) residuals versus

order. The normal probability plot in Figure 22 (a) has most of the residuals close to the

regression line. The residuals versus fits plot in Figure 22 (b) shows homoscedasticity.

The residuals are evenly distributed across fitted values, confirming constant variance.

The histogram in Figure 22 (c) displays a multimodal distribution without skewing or

isolated bars on either side. Lastly, the residuals versus order plot in Figure 22 (d)

confirms independence, showing no pattern. The residuals are randomly distributed

around the center line with consistent variance over time.
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Figure 22. Residual plots of the final predictive model for small-scale projects

As discussed in section 4.1.2.2, this study once again uses the Anderson-Darling

normality test to determine if the final predictive model’s residuals are normally

distributed. The hypotheses for the Anderson-Darling test are; Ho: The data follows

normal distribution, and H;: The data does not follow normal distribution. The residuals

from the final predictive model for small-scale projects are analyzed for normality, as

shown in Figure 23. With an Anderson-Darling test p-value of 0.802, substantially

exceeding the 0.05 significance level, the probability plot demonstrates the distribution of

these residuals. Therefore, we fail to reject the null hypothesis that the residuals come

from a normal distribution. Thus, the final predictive model’s residuals for small-scale

projects are normally distributed.
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Figure 23. Probability plot of final predictive model residuals with Anderson-Darling
normality test results for small-scale projects

The final predictive model’s Durbin-Watson statistic value of 1.82418, compared
to the initial model’s Durbin-Watson statistic value of 1.91438, indicates minimal
positive autocorrelation, as it falls within the acceptable range between 1.5 and 2.5 with
2.0 being ideal for no autocorrelation. The comparison value of 1.91438 shows slightly
better performance, being approximately 4.5% closer to the ideal value of 2.0 compared
to the final predictive model's Durbin-Watson statistic value of 1.82418. However, this
difference of 0.0902 is not substantial enough to significantly impact either model's
reliability or predictive capabilities. Both values suggest that the residuals are adequately
independent, and neither model requires corrective action for autocorrelation. The slight
positive autocorrelation present in both models is negligible enough that it should not
affect the models' practical applications or statistical validity.
4.4.2.2.3 Final Regression Model Validation

Table 23 displays the 5-fold cross-validation results of the final predictive model
for small-scale projects. The results show strong model performance with a high R-

squared value of 95.48% and an adjusted R-squared value of 94.81%, indicating
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an excellent fit for the training data. The predictive capability is robust, with a cross-
validated R-squared value of 91.93% and an S value of 24.61, which increases to 30.2997
in cross-validation. The PRESS statistic of 36,167.5 yields a predicted R-squared value of
92.05%, suggesting good generalizability. The model appears reasonable, with AICc and
BIC values of 380.76 and 389.08, respectively. The combination of high R-squared
values, consistent cross-validation performance, and low complexity, as indicated by the
AICc and BIC, suggests that the predictive model for small-scale project completion
durations is well-suited for deployment in practical applications.

Table 23. 5-fold cross-validation results of the final predictive model for small-scale
projects

5-fold
R-sq
24.6069 | 95.48% 94.81% 36167.5 92.05% 380.76 | 389.08 | 30.2997 | 91.93%

S R-sq R-sq (adj) | PRESS | R-sq (pred) | AICc BIC 5-fold S

4.5 Summary

Chapter 4 develops two distinct multiple linear regression models for predicting
construction project durations, separating them based on project scale to enhance
prediction accuracy. For medium and large-scale projects valued above $1M, the final
model in Equation 33 employs four key predictors: Original Value w/ Options, No. of
Transmittals, No. of Modifications, and Changes over $250K, achieving strong predictive
performance with R-squared value of 93.96% and predicted R-squared value of 91.51%
as Table 14 depicts. For small-scale projects valued below $1M, the final model in
Equation 35 utilizes five predictors: Original Value w/ Options, No. of RFIs, No. of
Transmittals, Changes over $50K, and Changes over $150K, demonstrating excellent fit
with R-squared value of 95.48% and predicted R-squared of 92.05% as Table 21

displays. Both models were developed through careful variable selection, outlier removal,
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and validation of statistical assumptions, including normality, homoscedasticity,
multicollinearity, and independence of residuals. The models' high predictive accuracy is
confirmed through 5-fold cross-validation, with cross-validated R-squared values of
91.44% (Table 16) and 91.93% (Table 23) for medium/large-scale and small-scale
projects, respectively, suggesting they are well-suited for practical application in

predicting construction project durations.
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Chapter 5 — Conclusions

This research aims to overcome the challenge of delayed construction project
completion durations in the United States Army Corps of Engineers (USACE) Europe
District. This objective is achieved by developing two distinct predictive models: one for
medium and large-scale projects valued above $1M and another for small-scale projects
valued below $1M. This dual-model approach is necessary because combining
construction projects of different scales into a single model has compromised predictive
accuracy, as small-scale projects follow different data patterns and relationships within
and between dependent and independent variables compared to larger projects.

The dual modeling approach yielded remarkably robust predictive capabilities for
both project scales. The medium and large-scale model harnesses the predictive power of
four significant variables: Original Value w/ Options, No. of Transmittals, No. of
Modifications, and Changes over $250K. This model demonstrates excellent accuracy
with an R-squared value of 93.96% and a predicted R-squared value of 91.51%.
Similarly, the predictive model for small-scale construction projects leverages five key
predictors: Original Value w/ Options, No. of RFIs, No. of Transmittals, Changes over
$50K, and Changes over $150K, achieving very high R-squared value of 95.48% and
predicted R-squared of 92.05%. Through rigorous statistical methodology, including
meticulous variable selection, outlier elimination, and comprehensive validation of
statistical assumptions, both models proved statistically reliable. The 5-fold cross-
validation further reinforced their reliability, with cross-validated R-squared values of

91.44% for medium/large-scale and 91.93% for small-scale projects, confirming their
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readiness for real-world application in predicting construction project completion
durations.

These results answer research question 1 (RQ1) and research question 2 (RQ?2)
and support hypothesis 1 (H1) and hypothesis 2 (H2) of this study. Additionally, in
section 4.2, the linearity analysis determines that there is a positive linear relationship
between the key factors affecting the construction projects and the total number of days
required for completion. These findings address research question 3 (RQ3) and support
hypothesis 3 (H3).

5.1 Practical Application of the Model

The development of these predictive models provides project and program
managers, planning practitioners, contracting officers, Construction Support Services
(CSS) specialists, project delivery team members, and other relevant stakeholders within
the USACE Europe District with an opportunity to significantly decrease the probability
of project delays. The data suggests there is a tendency to underestimate completion
durations, often in the early phases of construction projects. For this reason, it is vital to
continue refitting the predictive models as more actual project data becomes available.
This will allow the stakeholders to enhance the precision of the model after the
construction phase is started.

5.2 Limitations

The predictive model for calculating construction project completion
durations depends on the accuracy of the project data obtained from multiple internal and
external stakeholders input into the Resident Management System (RMS). Since the data

are manually inputted into the system by various stakeholders, the models have a
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potential risk of containing data entry errors. The risk is also increased by the possibility
of being unable to capture all data in the RMS. For instance, some of the RFIs are prone
to be answered during the weekly progress meetings or other project gatherings instead of
being recorded in the RMS. Therefore, it will cause the No. of RFIs not to reflect

accurate data. This study suggests that as the complexity of projects increases, the
predictive models are challenged to calculate the forecasted completion durations
accurately.

This research is limited to the data entered in the RMS. However, there are other
contributing factors influencing project completion durations. Each European country
may have specific building codes and regulations, different construction laws, and labor
costs. Therefore, these factors should also be evaluated and included in the dataset to
further enhance the accuracy of the prediction.

5.3 Recommendations

A significant finding of this study is that numerous potentially valuable projects
are excluded from analysis due to unreliable or improperly recorded data, severely
limiting the sample size and statistical power of the analyses. This systematic loss of
usable data represents a missed opportunity to leverage valuable historical project
information for future planning. Implementing more rigorous data collection protocols,
standardized recording methods, and quality control measures is critical across all project
phases. Such improvements minimize data entry errors, ensure consistency, and maintain
data integrity throughout the project lifecycle.

By enhancing the reliability and completeness of project data collection, USACE

engineers and program and project managers will gain access to a much larger, more
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comprehensive dataset. This expanded data foundation would enable them to develop
more robust predictive models, identify meaningful patterns in project timelines, and
generate more accurate completion duration predictions for complex and large-scale
construction projects. The improved data quality will also support more sophisticated
statistical analyses, leading to better-informed decision-making and more precise
resource allocation in future projects. Furthermore, maintaining high-quality historical
project data will create a valuable knowledge base for continuous improvement in project
planning and execution strategies.

Incorporating country-specific factors, weather conditions, and contractor
performance history in the RMS that influence project completion durations will also
allow researchers to improve the models’ prediction accuracy. Other recommendations
are to develop a user-friendly interface for project managers to input variables and obtain
duration predictions easily and to conduct comparative analyses with other USACE

districts to validate the models' applicability across different regions.
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Table 24. The final predictive model dataset for medium and large-scale projects
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Table 24. The final predictive model dataset for medium and large-scale projects (continued)
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Table 25. The final predictive model dataset for small-scale projects
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1 OFFC 006 | PROJ 597 | CTR 085 UNK JOC -198 681 670.27 | 10.73 | $143,478.55 19 25 4 0 1 1 1 0
2 OFFC 016 | PROJ 512 CTR 006 Firm Fixed Price | -274 674 647.62 | 26.38 | $575,080.12 12 127 6 0 2 0 0 0
3 OFFC 016 | PROJ 325 CTR 006 MATOC -245 601 609.25 | -8.25 | $285,873.19 9 104 5 0 0 0 0 0
4 OFFC 008 | PROJ 095 CTR 083 JOC -229 499 533.32 | -34.32 | $743,673.53 17 55 5 0 4 0 0 0
5 OFFC 008 | PROJ 094 CTR 083 JOC -222 492 510.78 | -18.78 | $641,996.33 11 47 4 0 3 1 0 0
6 OFFC 034 | PROJ 692 CTR 083 JOC -225 465 464.31 0.69 $451,897.63 3 82 1 0 0 0 0 0
7 OFFC 032 | PROJ 229 CTR 072 JOC -151 452 431.10 | 20.90 | $782,316.76 5 31 3 0 0 0 0 0
8 OFFC 007 | PROJ 452 CTR 083 JOC -172 442 405.69 | 36.31 | $132,619.59 8 14 3 0 0 0 0 0
9 OFFC 005 | PROJ 221 | CTR 085 UNK JOC -68 428 413.63 | 14.37 | $658,775.45 4 37 1 0 0 0 0 0
10 | OFFC 007 | PROJ 399 | CTR 085 UNK MATOC -38 402 393.95 8.05 $549,204.39 2 58 2 0 2 1 1 0
11 OFFC 004 | PROJ 091 CTR 013 JOC -167 379 346.62 | 32.38 | $268,738.89 3 28 3 0 0 0 0 0
12 | OFFC 034 | PROJ 860 CTR 015 MATOC 50 375 372.89 2.11 $998,784.00 2 22 3 0 0 0 0 0
13 | OFFC 013 | PROJ 561 CTR 041 JOC 60 373 396.12 | -23.12 | $634,661.19 2 49 1 0 0 0 0 0
14 | OFFC 027 | PROJ 820 CTR 071 MATOC 359 371 366.32 4.68 $147,295.17 6 13 0 0 0 0 0 0
15 | OFFC 005 | PROJ 574 | CTR 085 UNK JOC 61 364 361.44 2.56 $305,242.76 6 4 1 0 0 0 0 0
16 | OFFC 008 | PROJ 113 CTR 083 JOC 94 361 374.37 | -13.37 | $946,351.77 1 35 0 0 0 0 0 0
17 | OFFC 034 | PROJ 836 CTR 054 MATOC -150 361 329.87 | 31.13 | $720,000.00 1 66 7 0 2 0 0 0
18 | OFFC 024 | PROJ 449 CTR 072 JOC -150 360 328.60 | 31.40 | $262,638.71 1 39 2 0 0 0 0 0
19 | OFFC 033 | PROJ 471 CTR 026 JOC -13 358 344.01 | 13.99 | $384,258.85 2 32 1 0 0 0 0 0
20 | OFFC 033 | PROJ 532 CTR 008 Firm Fixed Price 45 355 345.30 9.70 $596,718.03 2 24 0 0 0 0 0 0
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Table 25. The final predictive model dataset for small-scale projects (continued)
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21 OFFC 032 | PROJ 415 CTR 055 JOC -148 343 353.51 | -10.51 | $603,864.52 2 28 1 0 0 0 0 0
22 | OFFC 004 | PROJ 837 | CTR 085 UNK JOC 84 336 346.76 | -10.76 | $246,035.11 3 29 1 0 0 0 0 0
23 OFFC 032 | PROJ 586 CTR 009 JOC 60 330 315.55 | 14.45 | $879,485.25 1 7 0 0 0 0 0 0
24 | OFFC 005 | PROJ 294 | CTR 085 UNK JOC 78 329 326.47 2.53 $970,273.32 1 9 2 0 0 0 0 0
25 OFFC 029 | PROJ 529 CTR 009 Time and Materials 107 318 342.64 | -24.64 | $785,256.52 1 25 1 0 0 0 0 0
26 | OFFC 024 | PROJ 369 CTR 071 MATOC -46 316 343.87 | -27.87 | $392,876.26 3 44 1 0 1 0 0 0
27 | OFFC 008 | PROJ 846 CTR 026 MATOC 112 313 342.29 | -29.29 | $94,923.00 1 53 0 0 0 0 0 0
28 | OFFC 014 | PROJ 733 | CTR 085 UNK JOC 25 307 284.12 | 22.88 | $452,849.03 1 8 1 0 0 0 0 0
29 | OFFC 005 | PROJ 832 | CTR 085 UNK JOC -61 301 341.52 | -40.52 | $154,504.92 3 30 1 0 0 0 0 0
30 | OFFC 004 | PROJ 776 | CTR 085 UNK JOC 68 292 238.01 | 53.99 | $291,502.85 1 13 6 0 1 0 0 0
31 OFFC 032 | PROJ 639 CTR 082 MATOC -2 286 304.58 | -18.58 | $543,213.57 1 15 1 0 0 0 0 0
32 | OFFC 004 | PROJ 780 | CTR 085 UNK JOC 51 279 284.55 | -5.55 $211,320.49 2 8 0 0 0 0 0 0
33 OFFC 031 | PROJ 556 CTR 072 JOC -113 273 264.97 8.03 $158,829.41 1 10 4 0 0 0 0 0
34 | OFFC 008 | PROJ 598 CTR 072 Time and Materials -87 268 246.75 | 21.25 $48,130.37 1 5 3 0 0 0 0 0
35 OFFC 004 | PROJ 510 | CTR 085 UNK JOC 90 258 285.04 | -27.04 | $464,631.70 1 8 1 0 0 0 0 0
36 | OFFC 004 | PROJ 601 | CTR 085 UNK JOC -12 252 293.72 | -41.72 | $232,691.52 1 22 0 0 0 0 0 0
37 | OFFC 004 | PROJ 533 | CTR 085 UNK JOC -8 248 266.14 | -18.14 | $124,810.17 1 12 0 0 0 0 0 0
38 | OFFC 004 | PROJ 319 | CTR 085 UNK JOC 86 241 249.39 | -8.39 $81,821.89 1 5 1 0 0 0 0 0
39 | OFFC 034 | PROJ 450 CTR 072 MATOC 59 239 226.17 | 12.83 | $519,879.06 1 20 2 0 2 0 0 0
40 | OFFC 014 | PROJ 290 CTR 072 JOC 0 239 259.47 | -20.47 | $210,821.54 1 5 1 0 0 0 0 0
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