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Abstract

Integrated project delivery (IPD) has gained traction as a collaborative approach to
managing complexity and uncertainty in large industrial capital projects. While IPD
emphasizes team integration and process alignment to drive better outcomes, the lack
of standardized benchmarks to evaluate its performance relative to traditional methods
persists as a barrier. To bridge this gap, this study developed a practical, and unbiased
Project Success Framework (PSF) for IPD on industrial projects. A mixed methods
research approach including subject matter experts’ survey, research charrette, and
validation survey was conducted to build and validate the PSF. In addition, this study
proposed a machine learning (ML)-based application tool embedding PSF to enhance
the practicality and applicability of PSF. The machine learning-based application tool
was validated by comparing the results with the PSF suggested in this research. The
PSF developed in this study allows researchers and practitioners to empirically evaluate
the integrated project delivery’s efficacy on key industrial project outcomes. In addition,
it offers a method to compare project delivery methods across diverse projects, aiding
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organizations in precise selection using empirical evidence for optimal results. Moreover, this
framework aids clients in crafting shared risk/reward models that foster successful outcomes by
encouraging desirable behaviours.

Keywords

Project Success Framework; IPD; Industrial Construction; Machine Learning; Mixed Methods
Research

Introduction

Industrial projects are challenging due to their high complexity, multiple stakeholders with varying business

objectives, evolving technology, construction in adverse environments, and other complications(Yun
and Jung, 2017; Barutha, et al., 2021). Due to their complexities, industrial projects often fail to meet
their objectives(Merrow, 2011). These failures can lead to substantial financial losses, missed market

opportunities, strained business relationships, and even legal disputes. One study found that 70% of
industrial megaprojects experience cost overruns or fail to meet project objectives entirely (Elyvbjerg, 2014).
The traditional approach to delivering industrial projects has normally followed either design-bid-build or
design-build methods (Ahmed and El-Sayegh, 2021). Under a traditional framework, owners approve linear
phasing from initial design through separate contracting and finally construction in sequence. Researchers
point out downsides to conventional industrial project structures, including lack of early contractor
involvement in design choices, misalignment among stakeholder priorities, and adversarial business

affairs (Walker and Rowlinson, 2019). This fragmented arrangement tends to provide few incentives for

collaboration, leaving projects exposed to delays, cost escalations, and friction between parties (Jones, 2014;

Ahmed and El-Sayegh, 2021).
The American Institute of Architects (AIA) introduced the IPD technique to enhance construction
project delivery systems by promoting smooth integration and collaboration among project participants.

(AIA, 2007; Whang, Park and Kim, 2019). The core of IPD is fostering collaborative, unified, and efficient

project teams, where all parties involved jointly agree on goals and commit to decisions that benefit the
project’s outcomes, rather than focusing on individual objectives (Rodrigues and Lindhard, 2021). Several
studies (E1 Asmar, Hanna and Loh, 2013; Gonzilez-Boubeta and Prado-Prado, 2020) indicated that (IPD)

has seen the greatest adoption in healthcare and commercial construction projects and concluded that

IPD initiatives demonstrated statistically significant improvements in key performances. While industrial

construction has lagged other sectors in employing IPD methods, industrial project leaders are showing

rising levels of interest amid challenges in delivering facilities on a budget (Al Subaih, 2015). There are
several studies aimed at evaluating the impact of integrated project delivery (IPD) on efficiency, cost,

schedule, quality, safety, and other outcomes across construction sectors. Metrics have been developed to

measure IPD performance in areas including healthcare (El Asmar, Hanna and Loh, 2013), commercial

construction (Hanna, 2016), infrastructure projects (Bapat, Sarkar and Gujar, 2021), and trade contractors

(Iwanski, 2013). However, there remains minimal research specifically concentrated on assessing IPD

effectiveness for industrial facilities.

As industrial sector clients are increasingly interested in integrated project delivery methods, it becomes
imperative to assess whether such methods ofter superior outcomes as compared to traditional delivery
methods (Barutha, et al., 2021). However, at present, there is a lack of comprehensive frameworks that

allow for a comparison of the performance of industrial projects executed under difterent delivery methods.
Without a dedicated framework to evaluate industrial IPD, owners lose visibility into whether this
collaborative approach is achieving better outcomes compared to traditional project execution methods

in terms of schedule, cost savings, quality, safety, sustainability, client satisfaction, and other dimensions
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success framework (PSF) that will allow industrial sector clients to evaluate the performance of their
conventional projects, thereby enabling them to make more informed decisions regarding the effectiveness
of collaborative delivery methods in this domain. This study aims to not only establish a PSF but also to
develop a suitable machine-learning model that can accurately identify the degree of collaboration and
integration (C&l) exhibited in industrial projects. The machine learning (ML) model is designed to operate
based on the project performance in each of the success factors. The goal is to create a model that can
provide insights into the level of collaboration and integration within the project, ultimately aiding in the

improvement of pI'OjCCt outcomes.

Literature Review on Project Success

The choice of project delivery approach is sometimes determined by the project’s nature and past
experiences. A recent study synthesized the research trends and gaps in IPD within the construction
industry, highlighting the growing trend in IPD research and the need for a more comprehensive
understanding on project success criteria (Arar and Poirier, 2022). During the early phases of a project,

owners are tasked with making numerous critical project delivery decisions that can significantly impact
project performance. Consequently, there is a strong interest among project owners to gain a better
understanding of the intricate relationships that exist between these key decisions and their overall impact

on project success (Esmaeili, et al., 2013). There exist two distinct research streams on the topic of project

success, namely project success criteria and project success factors (Bannerman, 2008; Han, et al., 2012;

Bapat, Sarkar and Gujar, 2021). The former aims to understand how project success is evaluated by focusing
on the information necessary to determine whether a project was successful or not. On the other hand, the
latter examines the factors that contribute to a project’s success and aims to elucidate why different projects
may have varying levels of success. As the objective of this paper is to develop a framework for evaluating
the success of industrial projects, the current literature review primarily focuses on the first research stream.
Specifically, the review commences by exploring conceptual models of project success and subsequently
delves into practical approaches that have been employed to assess the success of industrial construction
projects. Another study focused on critical success factors for implementing IPD in the construction
industry missed providing an analysis of critical success factors specifically for industrial IPD, which have
unique requirements compared to other construction sectors (Whang, Park and Kim, 2019). A study
evaluating the performance of IPD on complex building projects missed providing a specific performance

analysis related to industrial projects (Mesa, Molenaar and Alarcén, 2016).

While existing research has explored integrated project delivery success factors across construction
domains, there remain gaps in defining appropriate evaluation criteria tailored to industrial sector projects.
Recent studies (Bilbo, et al., 2015; Mesa, Molenaar and Alarcén, 2016; 2019; Yu, et al., 2019; Elghaish,
et al., 2020) have worked to identify key IPD performance indicators and success factors from various

lenses. However, these analyses centred on buildings and infrastructure, without a specific focus on the
unique scale, complexity, and stakeholder dynamics related to large industrial manufacturing, production,
and processing facilities. The “iron triangle” concept, which encompasses cost, time, and quality, has been
recognized as the fundamental criteria for evaluating project success by several researchers (Pinto and
Slevin, 1988; Atkinson, 1999; Chua, Kog and L.oh, 1999; Lim and Zain, 1999; Al-Tmeemy, Abdul-
Rahman and Harun, 2011; Miller and Jugdev, 2012). Atkinson suggested the “iron triangle” approach to

evaluating project success reduces success to just cost, time, and quality is not entirely accurate and can

lead to Type 2 errors. Instead, he suggested a two-dimensional approach to success, which includes both
the delivery stage and the post-delivery stage. The delivery stage relates to traditional outcomes of meeting

cost, time, and quality targets, while the post-delivery stage dimension focuses on providing benefits to
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stakeholders, user satisfaction, and meeting customer needs. Pinto and Slevin’s influential work on project
success has emphasized the importance of evaluating project success. They have proposed a conceptual
model that has two primary dimensions: the project and the client. The project dimension focuses on the
project meeting cost, time, and quality targets, while the client dimension evaluates whether the project
meets user satisfaction, addresses problems, and leads to effective decision-making. According to Pinto and
Slevin (1988), project managers often have their bonuses, promotions, and career progression determined
by how successful they are in delivering projects. (Shrnhur, Levy and Dvir, 1997) proposed four dimensions

for project success: Project Efficiency, Impact on the Customer, Business and Direct Success, and Preparing
for the Future. Lim and Zain (1999) developed a model that divides project success into micro and macro
perspectives. The micro perspective assesses the results of the construction phase while the macro perspective
examines whether the project fulfilled user or stakeholder needs.

Baccarini (1999) categorized project success into two dimensions: project management success and
product success. The former relates to meeting the project’s budget, schedule, and quality objectives, while
the latter corresponds to satisfying the stakeholders’ needs and achieving the project’s original goals.
Bannerman (2008) stated that the challenge in determining project success lies in deciding if it is a means
to an end or an end in itself, with success being measured accordingly based on strategic goals, end-user
needs, or traditional characteristics such as time, cost, and quality. The above models offer insights into
what outcomes a project should achieve to be successful but failed to provide specific measurements for
certain criteria. Some researchers demonstrated more practical approaches to measuring construction project
success. The KPI Working Group used a two-step framework to measure civil construction project success
with Key Result Areas (KRAs) and Key Performance Indicators (KPIs) (Caldwell, 2007). Six KRAs are
defined in Table 1.

Table 1. The KPI working group’s KRAs and their definitions

Client Measures how satisfied the client was with the quality of the finished product
Satisfaction  and the service (of the whole project team). Usually measured at or shortly after
completion and handover.

Defects Measures the degree to which the completed facility was free from defects that
impacted the client. Usually measured at the point the project is offered for
handover.
Cost Measures how well out-turn costs compared with original estimates.
Time Measures how closely the project was delivered to the original timetable.
Safety A measure of the number of Lost Time Incidents per 200,000 hours worked.

Equivalent to 100 Full Time Equivalent (FTE) employees.

Profitability Measures company profit before tax and interest as a percentage of sales.

El Asmar, Hanna and Loh (2016) created the project quarterback rating (PQR) to assess building project
success. The PQR is a weighted sum of KRAs and KPIs, with seven KRAs and multiple KPIs in each. The
Construction Industry Institute (CII) has also developed success frameworks, including a linear weighted
sum of two KRAs and four KPIs by their Pre-Project Planning Research Team (RT-039) in 1994 ( Gibson
and Hamilton, 1994) shown in Table 2.
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Table 2. CII RT-039’s project success index

Project Budget Achievement (Actual cost - Estimated cost) / Estimated cost
success Schedule Achievement (Actual duration - Estimated cost) / Estimated duration
Operating Design Capacity Attained (Actual output rate — Estimated output rate) /
Success Estimated output rate
Plant Utilization Number of plants produces products in six months /
182

A comprehensive evaluation framework for project success is necessary to provide an objective and
quantifiable measure of success. Although some studies have developed project success evaluation
frameworks, they have primarily focused on the commercial building sector, where the IPD originated
from. Because of the differences between commercial buildings and industrial projects, project success
measurement needs to be adjusted. The unique characteristics of industrial construction projects, such
as their complexity, scale, and technological requirements, suggest that they require a specific project
success evaluation framework of IPD in this sector. The lack of standardized benchmarks to evaluate the
performance of IPD in industrial projects relative to traditional methods persists as a barrier. To bridge this
gap, this study developed a practical PSF for IPD on industrial projects. The study’s goal is to establish a
PSF that will support industrial sector clients in evaluating the performance of their conventional projects,
thereby enabling them to make more informed decisions regarding the effectiveness of collaborative delivery
methods in this domain. The PSF developed in this study allows researchers and practitioners to empirically

evaluate the integrated project delivery’s efficacy on key industrial project outcomes.

Methodology

'This research implemented a mixed methods design to build and validate the PSF for industrial projects, as
depicted in Figurel. This methodology was chosen for several reasons. First, the concept of project success
is a complex phenomenon, and the exploration of complex phenomena is well suited to qualitative methods

(Creswell and Plano Clark, 2018). Second, survey-dominant research methods have several drawbacks

in construction research, such as low response rates, long response times, and long development periods
(Gibson and Whittington, 2010). The explanatory sequential design facilitates Gibson data analysis and
integration at various stages of the study. It involves the collection and analysis of quantitative survey data,
followed by the collection and analysis of qualitative data. By using the qualitative results to complement
and clarify the quantitative findings, the researcher can develop a more thorough understanding of the
research topic. The integration of qualitative results with quantitative findings enables the researcher to
enhance and elucidate their understanding of the research topic in a more comprehensive manner (Creswell
and Plano Clark, 2018). This study was approved by the Institutional Review Board (IRB) of the University
of Nebraska-Lincoln with the IRB number 20191219809EX.

PHASE A: SUBJECT MATTER EXPERTS SURVEY

In the first phase of this study, a survey was conducted to investigate the success factors used to measure
project success. The survey aimed to identify the success factors, measure their level of importance, evaluate
the project performance, and identify the collaboration and integration level for the most collaborative

and integrated project compared to a typical project. The survey consisted of 13 items based on success

factors identified in the study (CII RT-341, 2019) dedicated to IPD for industrial projects. A web-
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Phase Procedure Product
Identified & measured the
i (F f ss fact
Phase A. Web-based survey was developed, and 87 ymportance of success factors

Subject matter
experts survey

complete responses were collected based on
the purposive sampling.

Developed , compared, and
identified the best ML model to
predict C&I level based on
performance of success factors.

Phase B.
Research Charrette

Total 12 participants including five client
representative, four consultants, three
academicians were joined for the three-hour
workshop.

14 KRAs identified RT-341 was provided to
the participants in the workshop.

Each KRA was discussed as it relates to
success evaluation of industrial projects.

Finalized and defined 11 KRAs
27 KPIs and formula for each KPI
were developed.

Phase C.
Validation survey

Web-based survey was developed to validate
the relationship between the KPIs and KRAs
defined from the research charrette.

41 responses were collected based on the
purposive sampling.

Each respondent categorized each KPI into one

of the KRAs.

»

Each of 27 KPIs was categorized
under one of the 11 KRAs.

Integration of results

Integration and explanation of results.

»

Project Success Framework (PSF)
for industrial projects was developed.

Figure 1.

Research Methodology

based questionnaire was developed in Qualtrics and distributed to a purposive sample of 87 construction

professionals, including project managers, owners, project engineers, architects, and executives. Participants

were asked to pick the most collaborative and integrated project they have experienced recently as compared

to the most typical projects they have experienced. Also, participants were asked to “rate the level of project

performance for each success factor on the most collaborative & integrated project you previously identified

as compared to a typical project” on a 5-point Likert-type scale (1=very little, 5=very high) if it applied to

the project, to ensure that it measured the envisioned success factors. In addition, participants were asked

to list the strategies that were used in the collaborative and integrated project. The intensity level of each

strategy used on the project was collected, and the average intensity was calculated using the formula in

Equation 1. It is calculated by summing the intensity of these strategies and then dividing by the number

of strategies used. This measure provides insight into the overall level of collaboration and integration

implemented.

Sum of the Intensity of Collaboration & Integraion Strategies

Awerage Intensity = (Equation 1)

Numer of Strategies Used

The machine learning (ML) model, an emerging area of artificial intelligence (Al), was proposed to
prioritize result prediction over variable relationship determination, in contrast to traditional statistical
methods predictions (Rajula, et al., 2020; Sanni-Anibire, Zin and Olatunji, 2022; Ghimire, Kim and

Acharya, 2024). This ML-based application tool embedding the PSF was designed to enhance the
practicality and applicability of the framework, ultimately empowering industrial sector clients to make
more informed decisions regarding the effectiveness of collaborative delivery methods in this domain.
Therefore, the survey and the subsequent development of the ML-based application tool were integral to
the study’s goal of establishing a comprehensive framework for assessing project success in the industrial

sector.
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In this study, we aimed to develop a machine learning classification system that can predict whether the
project demands high vs low (1 vs 0) collaboration and integration based on categorical input variables. The
use of machine learning techniques for the survey type of data is commonly used in the construction field
and has been utilized by various studies (Ayhan, Dikmen and Talat Birgonul, 2021; Sanni-Anibire, Zin
and Olatunji, 2022).To investigate the relationship between the performance of project success factors and

the level of collaboration and integration, machine learning models were deployed. It involves four steps in
the machine learning application: (1) data collection through a subject matter expert survey, (2) data pre-
processing, (3) development of machine learning models, and (4) model performance and evaluation.

The choice of machine learning models, including Decision Tree (DT), Naive Bayes (NB), Logistic
Regression (LR), and k-Nearest Neighbors (k-NN), was based on their suitability for the specific objectives
of the study. These models were selected due to their proven effectiveness in handling classification tasks
and their potential to provide accurate predictions. The tree-based models, DT, were chosen for their ability
to handle complex, non-linear relationships within data and to identify patterns and similarities within
the data, respectively. On the other hand, the non-tree-based models were selected for their efficiency
in handling large datasets and their ability to provide probabilistic predictions, which can be valuable in
assessing the collaboration and integration based on various input variables.

Decision Tree (DT) is a prevalent supervised learning algorithm that recursively partitions data on
feature values to construct a predictive model represented as a tree structure (Janikow, 1998; Charbuty
and Abdulazeez, 2021; Ghimire, et al., 2023; Pokharel and Ghimire, 2023). NB and LR models are
well-established for their efficiency in handling large datasets and their ability to provide probabilistic

predictions, which can be valuable in assessing the likelihood of project success based on various input
variables. The NB classifier applies Bayes’ theorem to machine learning by assuming conditional feature

independence to predict target class probabilities (Rish, 2001; Leung, 2007). Mathematically, Bayes’

theorem estimates the likelihood of an event based on its prior probability and the conditional probabilities
associated with related evidence. LR, on the other hand, applies sigmoid functions to regression analysis

to predict the probability of categorical outcomes based on input data features (Tien Bui, et al., 2019). In

contrast to linear regression which forecasts continuous values, LR handles classification tasks by estimating
discrete class membership likelihoods given evidence conditions. Additionally, the k-Nearest Neighbors
model was chosen for its capability to identify patterns and similarities within the data, which is essential
for understanding the interrelationships between different project success factors in industrial contexts.

The k-NN algorithm is a simple, non-parametric classifier that categorizes new cases based on a majority

vote of the nearest examples in the training feature space (Guo, et al., 2003; Lee, et al., 2017). k-NN relies

on distance metrics like Euclidean distance to find the k most similar instances, with new data points
classified to the dominant class among the nearest neighbours. The Synthetic Minority Oversampling
Technique (SMOTE) applied in our model development, is commonly used to balance class distributions
by oversampling minority cases in imbalanced datasets (Fernandez, et al., 2018). Therefore, the selection

of these machine learning models was driven by their specific strengths in addressing the complexities and
nuances of industrial project success evaluation, as well as their potential to provide valuable insights for
decision-making in this domain.

PHASE B: RESEARCH CHARRETTE

A structured workshop or “research charrette” has become a popular research method in construction studies.
According to (Gibson and Whittington, 2010), research charrettes are an effective way to explore a topic as
they combine the best aspects of surveys, interviews, and focus groups within a short timeframe. This method
has been utilized in several construction studies, including Esmaeili, et al.’s (2013) research on project success
for building projects and Cho and Gibson’s (2012) development of the PDRI for building projects. Due to

the complex and multidimensional nature of evaluating industrial project success, a research charrette was
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considered a suitable approach for this study. Gibson and Whittington explain that the construction industry
typically does not permit probabilistic sampling because it is logistically impossible to define a sample frame.
'The research charrette used a purposive sample of 12 participants, including five client representatives, four
consultants, and three academics. A three-hour research charrette was conducted in Lincoln, Nebraska. The
workshop began with a review of the objective and the relationship between KRAs, KPIs, and project success.
To identify common KRAs used to define construction project success, CII's RT-341 conducted a literature
review (CII RT-341,2019), which was used as a starting point for the group discussion. Participants received
a printed list of the 14 KRAs identified by RT-341 (CII RT-341, 2019) and discussed each KRA in relation

to evaluating industrial project success. RT-341 identified 14 KRAs from a comprehensive literature review,

incorporating articles that addressed construction project performance outcomes and multiple key performance
indicators in the industrial sector. A group consensus was necessary to include KRAs in the final framework.
Upon completing the KRA task, the group proceeded to discuss KPIs that represent each of the KRAs. Each
participant was provided with a list of previously used KPIs to aid in the discussion. The KPIs needed to be
measurable and applicable to all industrial projects. Similar to the KRAs, a group consensus was required for
the inclusion of any KPIs in the final framework. Notes taken during the research charrette were used to create

the framework, which was later reviewed by the research team.

PHASE C: VALIDATION SURVEY

A targeted survey was conducted to validate the relationship between KPIs and KRAs and ensure their
measurability across projects. Respondents were asked to categorize each KPI into one of the KRAs to
determine if the KPI is representative of the key areas of project success. The survey was web-based and
developed using Qualtrics. Each research team member, including 9 members- 5 client representatives
and 4 consultants, was instructed to send the survey to 10 people in their professional network. To prevent
order bias, the list of KPIs was randomly displayed to each participant, and definitions were provided as
downloadable PDFs to assist in their responses.

Analysis and Result

SUBJECT MATTER EXPERT SURVEY RESULTS

The subject matter expert survey results indicated that safety, quality, overall client satisfaction, and early
schedule certainty are the four most selected success factors (Table 3). Out of the 87 respondents, the
majority of the participants identified safety (85 reports, 98% of the sample), quality (80 reports, 92% of the
sample), client satisfaction (59 reports, 68% of the sample), and early schedule certainty (50 reports, 57% of

the sample) as the four success factors with the highest level of importance to overall project success.

Respondents were also asked to rate the level of project performance, on a 5-point Likert-type scale
(1=very little, 5=very high) if it applied to the project, for each success factor listed in Table 3, on the
most collaborative and integrated project as compared to a typical project. In addition, participants were
asked to list the strategies that were used in the collaborative and integrated project. The list of the seven
most important strategies mentioned in Table 4 was developed based on the literature review (AIA, 2007;
Barutha, et al., 2021, Government of Western Australia, 2010).

MACHINE LEARNING MODELS DEVELOPMENT

Data pre-processing

This stage of the research involved the utilization of data obtained from a survey of subject matter experts.
'The final data set comprised 87 projects and 14 variables, 13 of which were ordinal features listed in Table 1,

Construction Economics and Building, Vol. 24, No. 1/2 July 2024
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Table 3. The rank of Project Success Factors
1 Safety safe 98%
2 Quality qual 92%
3 Overall client satisfaction stfn 68%
4 Early schedule certainty sche 57%
9 Early cost certainty cost 44%
6 Profitability (contractor) / ROl (owner) prit 45%
7 Speed to market (owner] speed 32%
8 Ease of start-up stup 31%
9 Facility production (revenue generation) flt 30%
10 Environmental envr 28%
11 Lowest life cycle cost lfcs 26%
12 Flexibility/adaptability of the facility flex 25%
13 Lowest initial cost (owner] incs 18%
Table 4. Collaboration and Integration Strategies
I e
1 Early involvement of key participants
2 Shared cost and shared reward (Pain Share Gain Share)
3 Collaborative and equitable decision-making
4 Jointly developed and validated targets
5 Negotiated risk distribution (e.g. Mutual Liability Waivers)
6 Non-traditional Owner Engineer Contractor Relational Contracting (e.g. multi-party

agreement, IFOA, alliance])

7 Continuous team building and conflict resolution

while the other variable was the target variable representing the intensity of collaboration and integration.
Python was chosen as the primary programming language due to its open-source nature and the availability
of rich libraries such as pandas, numpy, scikit-learn, and matplotlib, which are useful for data preprocessing
and developing machine learning classifiers. The ordinal variables had five levels: 0, 1,2, 3,4, and 5. The
target variable was transformed into a binary categorical variable such that when the value exceeded the
mean (17), it was coded as high collaboration and integration intensity (1), while a value less than or equal
to the mean (17) was coded as low collaboration and integration intensity (0). It was noted that the data

set was imbalanced, with a ratio of 1 to 0 being 59:41. Imbalanced data sets pose a challenge to traditional
training criteria, as classifiers may have good accuracy for the majority class but poor accuracy for the
minority class (Ganganwar, 2012). Therefore, several resampling approaches have been developed in recent
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well-known oversampling algorithm that creates synthetic instances of the minority class by bootstrapping
using the nearest neighbours of the sample. The SMOTE technique was applied to balance the data set,
resulting in a 50:50 ratio for both classes. The data set was balanced only on the training data set to prevent
data leakage (Schlogl, et al., 2019). As a result, a final data set of (102, 14) was chosen for the deployment of
machine learning algorithms, with a training data shape of (84, 14) and a test data shape of (18, 14).

Splitting data into a training set and a test set is a widely used approach in machine learning. In our
study, the complete data set was randomly divided into two sets; the training set, which comprised 80%
of the data, and the test set, which contained the remaining 20%. The variables were separated into two
categories: feature variables (X) and the target variable (Y). The feature variables were as follows: ‘safe’,
‘qual’, ‘cost’, ‘sche’, ‘stf, ‘prft’, ‘speed’, ‘incs’, ‘lfes’, ‘flex’, ‘felt’, ‘stup,” and ‘envr’. These features represented the
attributes of the project performance and were used as inputs to the machine learning models. The target
variable, denoted as ‘totic’, represented the intensity of collaboration and integration, and was the variable
that the models aimed to predict. We deployed four machine learning models namely Decision Tree (DT),

Naive Bayes (NB), Logistic Regression (LR), k -Nearest Neighbors (k-NN)

Hyperparameter S Tuning

Optimizing the hyperparameters of machine learning models is essential for achieving robust performance
results. Default hyperparameter settings may not be optimal and require additional attention during this
critical step in the machine-learning process(Schratz, et al., 2019). There are various search strategies

available to find the best and most robust parameter or set of parameters for an algorithm on a given
problem, with GridSearchCV being a commonly used technique (S&learn.Model_selection. GridSearch CV).
Grid search is a systematic approach to parameter tuning, where a model is built and evaluated for every
combination of algorithm parameters specified in a grid (Ranjan, Kumar Verma and Radhika, 2019). The
optimal parameters identified using GridSearchCV are presented in Table#.

Model Performance Evaluation

Model performance evaluation is an important process to understand how well a model is able to learn
from the training data and make accurate predictions on new, unseen data. One can assess the accuracy
of classification by calculating the number of class examples that were correctly identified as such (true
positives-T'P), the number of examples that were correctly identified as not belonging to the class (true
negatives-I'N), and the number of examples that were either wrongly assigned to the class (false positives-

FP) or not identified as class examples (false negatives-FN) (Sokolova and Lapalme, 2009). There are

various metrics that can be used to evaluate the performance of a classifier, depending on the specific
problem and the requirements of the application. Accuracy, Precision, recall, F1-Score, and Area under

the Curve (AUC) - Reception Operating Characteristics (ROC) curve are the most common evaluation
metrics for classification models. And the metrics were calculated as follows (Wang, Shao and Tiong, 2021

Sanni-Anibire, Zin and Olatunji, 2022):

Classification Accuracy = TP+TNV
N
Where, N= total number of samples
.. P

Precision = ————

TP+ FP
Recall = ™
TP+ FN
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F1-score is the weighted harmonic mean of precision and recall. The ROC curve plots the true positive
rate (TPR) against the false positive rate (FPR) at different classification thresholds. The area under the
curve (AUC) is measured in AUC-ROC, and a classifier with an AUC-ROC of 1 is considered perfect.

Four machine learning classifiers were evaluated, and their performance is summarized in Table 5. The
decision tree (DT) model achieved the highest accuracy of 0.72, followed by the Naive Bayes (NB) model
with an accuracy of 0.67. This means that the DT model was able to correctly classify 72% of the instances
in the dataset. The logistic regression (LR) and k-nearest neighbour (kNN) models achieved an accuracy
of 0.56.The precision, recall, and F1-score for the DT model were 0.75,0.72, and 0.71, respectively, which
were the best score among four models. In the context of the DT model, precision of 0.75 means that out
of all the instances predicted as positive by the DT model, 75% of them were positive. Recall, on the other
hand, measures the proportion of true positive predictions among all actual positive instances in the dataset.
In the context of the DT model, a recall of 0.72 means that the DT model was able to identify 72% of
all the actual positive instances in the dataset. F1-score is the harmonic mean of precision and recall and
provides a balanced measure of both metrics. In the context of the DT model, an F1 score of 0.71 indicates

that the model had a relatively balanced performance in terms of precision and recall.

Table 5. ML Model Performance Evaluation Metrics

Model

{criterion’: ‘entropy’, ‘'max_
depth’: 10, ‘max_features':
'sqrt’, ‘min_samples_leaf":
2, ‘min_samples_split': 2}

NB {'var_smoothing’: 1e-09} 0.67 0.68 0.67 0.67 0.75

LR {'C’: 0.01, ‘class_weight’: 0.56 0.56 0.56 0.56 0.65
None, ‘max_iter’: 100,
‘penalty’: (2, ‘solver’:
‘liblinear’}
k-NN {"algorithm’: "auto’, 0.56 0.64 0.56 0.52 0.59
‘n_neighbors™: 1, 'p": 2,
‘weights’: “uniform’}

The AUC-ROC curve plots the true positive rate (sensitivity) against the false positive rate (1-specificity)
for different threshold values of the model’s output (Figure 2). The AUC-ROC score is then calculated as
the area under this curve. In our case, the DT model had the highest AUC-ROC score of 0.80, indicating
that it had a better ability to distinguish between positive and negative instances compared to the other
models. The NB model had an AUC-ROC score of 0.75, which is also relatively high. The LR model had a
lower AUC-ROC score of 0.65, while the k-NN model had the lowest AUC-ROC score of 0.59, indicating

that these models had relatively poorer discrimination ability.

‘There can be several reasons why the decision tree (DT) model performed best in the given scenario.
One reason is that the DT model is a non-parametric and interpretable algorithm that can handle both
categorical and numerical data, making it suitable for the dataset. Furthermore, decision trees can handle
non-linear relationships between features, therefore the DT model has been able to identify and utilize
these relationships to better classify instances, resulting in its superior performance compared to other
models. The DT model, which was developed to predict collaboration and integration intensity during
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ROC curve for DT Classifier

ROC curve for NB Classifier
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Figure 2.  AUC-ROC of ML Models

the early phase of industrial construction projects, has been identified as the most effective model for

enhancing the efficiency of the decision-making process. It is believed by the authors that the proposed DT

model can be employed by various project stakeholders such as capital project owners, project management

organizations, contractors, designers, and project participants to accurately forecast the collaboration and

integration intensity based on projected performance on 13 project success factors.

RESEARCH CHARRETTE RESULTS

'The first objective of the research charrette was to finalize a comprehensive list of KRAs that can be used to
compare the success of an industrial project executed under different delivery methods. Figure 3 shows the
11 KRAs that participants from the research charrette decided would be important to compare.

Definitions for each of the final 11 KRAs developed during the research charrette are presented in

Table 6.

VALIDATION OF THE KPls

To validate that the KPIs are representative of their higher-order KRA, a targeted survey was distributed

to professionals in the industrial sector asking them to categorize each KPI into its respective KRA. After

data cleaning, a total of 41 complete responses were received. The respondents’ average number of years

of experience was 21.5 years, with a standard deviation of 11.3 years. The sample population represented

21 clients, 10 contractors, and 10 engineers/consultants. Out of 41 respondents, 32 respondents primarily

worked in the heavy industrial sector, 5 in the light industrial sector, 4 in power, utilities, and infrastructure.
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Figure 3.

The 11 KRAs that shape the success of industrial projects.

Each respondent was asked to categorize the list of KPIs into one of the 11 KRAs. Table 7 presents each
KPI, the KRA it was categorized into during the research charrette (expected), and the KRA that was
categorized most frequently in the targeted survey. Table 7 also indicates if there was a match between the

expected and found KRA categorization.

Table 6.

KRA

Cost
Competitiveness

Cost Certainty

Schedule
Competitiveness

Schedule
Certainty

Quality

Safety

Project
Functional
Objectives

Project
Financial
Objectives

Definition of the 11 KRAs for industrial projects

This construct represents a measure of how competitively the project was
priced compared to the typical market conditions at the time the project
was delivered. The objective of this KRA can be thought of as capturing the
“value for money” that the owner receives.

Cost certainty represents a measure of how well the project’s actual costs
met the project’s early cost targets.

Schedule competitiveness is a measure of how competitively the project’s
schedule was compared to typical market conditions at the time the project
was delivered.

Schedule certainty represents a measure of how well the project’s actual
schedule met the project’s early schedule targets.

Quality represents a measure of how well the project’s products and
services complied with its plans and specifications. This is not to be
confused with the quality of the finishes used on the project.

Safety represents a measure of the frequency of recordable safety incidents
that occurred on the project.

A project’s functional objectives are a measure of how well the project
achieved the client’s functional objectives as defined in the client’s business
case that was used to justify the project’s funding.

Financial objectives are a measure of how well the project achieved the
financial objectives of all of the major participants in the project (typically
the client, contractor, and engineer).
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(A
External External stakeholder impacts are a measure of how much the execution
Stakeholder of the project impacted external stakeholders. External stakeholders can
Impacts include the public, the client’'s end users, or the client’s internal operations.
Environmental Environmental impacts are a measure of the frequency and magnitude of
Impacts recordable environmental events that occurred on the project.
Change The change management construct represents a measure of the frequency,
Management size, and duration of changes that occurred on the project.
Table 7. KPI categorization from the targeted survey
KPls KRAs Match
Expected Top Survey Categorization
Contingency Index Cost Cost Certainty X
Competitiveness
Cost Efficiency Cost Cost Competitiveness ()
Competitiveness
Direct Work Rate Cost = X
Competitiveness
Productivity Cost Cost Competitiveness (
Competitiveness
Contingency Used % Cost Certainty Cost Certainty ()
Cost Variation Cost Certainty Cost Certainty ()
Buffer Index Schedule Schedule Certainty X
Competitiveness
Time per Unit Schedule Schedule (
Competitiveness Competitiveness
Schedule Variation Schedule Certainty Schedule Certainty o
Construction Defects Quality Quality ()
Design Defects Quality Quality [
Non-conformance reports Quality Quality o
Quality Performance Rating Quality Quality (
Commissioning Time Quality Schedule Certainty X
DART Rate Safety Safety ()
TRIR Safety Safety ()
Goal Achievement Project Functional Project Functional (
Objectives Objectives
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Table 7. continued

KPls

Contractor Financial Objective
Realization

Owner Financial Objective
Realization

Complaints

External Stakeholder Impact

Notice of Violation

Recordable Environmental Events

Project Financial
Objectives

Project Financial
Objectives

External
Stakeholder Impact

External
Stakeholder Impact

Environmental

Environmental

KRAs

Top Survey Categorization

Project Financial
Objectives

Project Financial
Objectives

External Stakeholder
Impact

External Stakeholder
Impact

Environmental

Change Cost Index Change Cost Certainty

Management

Change Time Index Change Change Management o
Management

Non-owner Initiated Changes Change Change Management o
Management

Owner Initiated Changes Change Change Management o
Management

Speed of Change Approval Change Change Management o
Management

Two of the KPIs (direct work rate and notice of violation) were categorized as “not important” by more
than 15% of the respondents. Upon recommendations from the research team members, these two KPIs
were removed from the PSF. The final PSF for industrial projects is presented in Table 8.

Table 8. Project success framework for industrial projects

Cost Cost Efficiency Total project cost / Capacity of facility?

Competitiveness

Contingency Project contingency / Total project budget®

Index

(Actual project cost - Total project budget®) / Total
project budget®

Cost Certainty Cost Variation

Schedule
Competitiveness

Schedule
Efficiency

Total project duration / Capacity of facility?

Buffer Index Project schedule buffer / Predicted project duration®
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Schedule
Certainty

Quality

Safety

Project
Functional
Objectives

Project
Financial
Objectives

External
Stakeholder
Impacts

Schedule
Variation

QPR

Design Defects

Construction
Defects

NCRs

Commissioning
Duration

TRIR

DART

Goal
Achievement

Owner Financial

Objective
Realization

Contractor
Financial
Objective

Realization

Complaints

External
Stakeholder
Impact

(Actual project duration - Predicted project duration®) /
Predicted project duration®

(N x w/ Number of employee labour hours) x 200,000
N = number of unplanned quality events (variation,
defect, or failure)

w = weighted severity level of each event

Total number of design errors / Total number of
drawings

Total number of punch items at mechanical completion

Total number of non-conformance reports

Substantial completion — Mechanical completion

(Number of OSHA recordable cases / Number of
employee labour hours) X 200,000

(Number of DART incidents / Number of employee
Labor hours) X 200,000

1-7 Likert scale
(1 = This project achieved none of the functional
objectives as set out in the projects business case,
7 = This project achieved all of the functional objectives
as set out in the projects business case])

1-7 Likert scale
(1 = This project achieved none of the financial
objectives as set out in the projects business case,
7 = This project achieved all of the financial objectives
as set out in the projects business case)

1-7 Likert scale
(1 = This project achieved none of the financial
objectives as set out in the projects business case,
7 = This project achieved all of the financial objectives
as set out in the projects business case)

Total number of complaints received during the
execution of the project

1-7 Likert scale
(1 =This project had a maximum impact on its external
stakeholders,
7 = This project had minimal impact on its external
stakeholders)
(External stakeholders could include: local businesses
in the surrounding area, local residents, and other
divisions in a facility during a renovation.)
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Table 8. continued
Environmental Recordable Total number of recordable environmental events
Impacts Environmental
Events
Change Change Cost Approved project development change costs / Total
Management Index project budget?
Change time Approved project development change duration /
index Predicted project duration®

Number of Non-  Total number of changes initiated by non-owner parties
owner Changes

Number of Total number of changes initiated by the owner
Owner Initiated
Changes
Speed of Change Average duration that RFls are open in weeks
Approval

2The capacity of the facility should be a comparable industry metric for the facility (e.g. kWh, tonnes per day, bpd, etc.)
®The total project budget must include project contingency and be adjusted for scope changes.

¢The predicted project duration must include project buffers and be adjusted for scope changes.

Discussions

The objective of this paper was to develop a framework that can evaluate the effectiveness of integrated
project delivery methods for industrial projects. 11 KRAs were defined as essential outcomes that can be
used to define the success of an industrial project. Specific KPIs were also identified that can be used to
consistently measure the performance of a project in each of the 11 KRAs. The PSF was designed to be
flexible, so the KPIs that measure each KRA can change, enabling clients to replace them with metrics that
are important to their specific project, sector, or business. The KPIs also provide a specific way for clients to
develop their non-cost incentive mechanisms in the shared risk/reward commercial model. One of the time-
consuming activities associated with developing a collaborative contract is to identify suitable metrics to
incentivize performance. The PSF provides clients with a “menu” of KPIs that can be used to develop these
agreements.

KEY RESULT AREAS

Two dimensions have consistently emerged from existing conceptual models of project success. The first
dimension pertains to the success of the management of the project against predetermined targets: usually
regarding cost, time, and quality. These outcomes can be evaluated immediately after the conclusion of

the project. In Baccarini’s terms, this is “project management success.” The second dimension of success
relates to how well the project fulfills the client’s original need for the project. This type of success must be
evaluated at some time after the delivery of the project and is referred to as “product success.” The 11 KRAs
presented in the PSF can be separated into the project management and product success dimensions. The
PSF contains 9 KRAs that relate to project management success and 2 KRAs that relate to product success
as shown in Figure 4.
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Figure 4.  PSF KRAs separated into project management and product success dimensions.

'The PSF places greater emphasis on outcomes in the project management dimension of overall project
success. The PSF was developed with the purpose of comparing the success of projects delivered under
different delivery methods. This indicates that project delivery methods have a greater influence over project
management outcomes, rather than how well a project achieves its client’s organizational needs. This makes
intuitive sense, as a project delivery method is, in essence, the process by which a client realizes a project,

not a way for clients to identify projects that will fulfill their organizational needs. Baccarini states that a

project’s product success will trump its project management success (Baccarini, 1999). In practical terms,
this means that projects that meet all their cost, schedule, and quality targets may still be considered a
failure if they fail to meet their client’s long-term organizational needs. Therefore, clients may be inclined
to evaluate the performance of a delivery method based on a project’s product success. Doing so would
be a mistake, as the delivery method has limited influence over the project product success. This shows
that clients need to consciously separate project management and product outcomes when evaluating the
performance of a delivery method, and comparing delivery methods should focus on comparing project

management outcomes.

The PSF presents an alternative approach for evaluating a project’s cost and schedule performance.
Typically, cost and schedule performance relate to a project’s adherence to its target budget and target finish
date. This success framework separates cost and schedule into their respective competitiveness and certainty.
Practitioners provided this recommendation because they said a project’s adherence to its targets is largely
dictated by how competitive those targets are. For example, a project could be significantly under budget
because of an inflated target budget. By separating a project’s cost certainty from its cost competitiveness,
clients gain a better understanding of how successful their project was. Another reason for separating cost
and schedule certainty from competitiveness is because it addresses an important criticism of collaborative
delivery models. Under the shared risk/reward commercial model, non-owner parties share in the underruns
of the project. This creates an implicit incentive to inflate the target cost (Henneveld, 2006; Wood and

Duffield, 2009; Thomsen, et al., 2016). By separating cost certainty from cost competitiveness, clients can

increase their visibility of the performance of a project and properly evaluate the effectiveness of the delivery
method.
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KEY PROJECT INDICATORS

The value of any comparison is dependent on the quality of information inputted into the analysis. One

of the issues present with existing project success frameworks is that there is a lack of detailed instruction
provided with their KPIs. For example, the traditional cost variation KPI is present in many existing project
success frameworks (Chan, 2001; KPI Working Group, 2007; E1 Asmar, Hanna and Loh, 2013; Franz, et al.,
2014; Hanna, 2016). In these frameworks, the cost variation KPI is typically defined as:

Final Project Cost — Initial Budget

Cost Variation =

Initial Budget

'The issue with this formula is that it does not inform the individual providing information on how to
handle project change orders. Changes are a part of construction and will appear on every project. Changes
will occur for a number of reasons, including differing ground conditions, inaccurate specifications, owner-
initiated design changes, or errors and omissions in the drawings. The initial budget in this formula needs
to reflect the cost of changes to the project. CII separates changes into two categories: project development
changes and scope changes. Project development changes are defined as: “changes required to execute the
original scope of work or obtain original process basis.” Scope changes are defined as: “changes in the base
scope of work or process basis.” The PSF requires individuals to correct the initial budget for scope changes
but not project development-related changes. Doing so will better reflect the performance of the project
team without distorting the cost information because of changes. Additionally, this will ensure that the
project information being collected is consistent and thus will improve the accuracy of comparisons that can
be generated from the framework. The financial profitability indicator has been used in a variety of existing
frameworks; however, its previous appearances usually only refer to the profitability of the client (Chan,
2001; Nassar and AbouRizk, 2014). The PSF includes a KPI for the financial performance of the contractor.
'This indicator helps to identify if a project was more competitive because the work was delivered more

efficiently, or if it was simply the result of contractors reducing their profit margins.

MACHINE LEARNING APPLICATION

The machine learning models were deployed to investigate the relationship between the performance of
project success factors and the level of collaboration and integration. Four machine learning models were
selected due to their proven effectiveness in handling classification tasks and their potential to provide
accurate predictions. These models were used to develop a machine learning classification system that can
predict whether the project demands high vs low (1 vs 0) collaboration and integration based on categorical
input variables. The research results indicate that the Decision Tree model achieved the highest accuracy,
followed by the Naive Bayes model. The Decision Tree model was able to correctly classify 72% of the

instances in the dataset, making it the most suitable model to support the decision-making process.

Conclusion

This study developed and validated a Project Success Framework that enables researchers and practitioners
to empirically evaluate the effectiveness of integrated project delivery methods on important project
outcomes for industrial capital projects. The benefits of the PSF are threefold. First, it provides clients
with a comprehensive list of KRAs and KPIs to compare the performance of a collaboratively delivered
project with one that is delivered under traditional methods. This will enable clients to accurately evaluate
the effectiveness of collaborative delivery methods for industrial projects. Second, the PSF will also

enable clients to make more informed decisions about the application of all project delivery methods.
Several efforts have been made to develop project delivery method selection tools, such as the CIIs
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“Project Delivery and Contracting Strategy” tool, and the United States Federal Highway “Contracting
Alternatives Suitability Evaluator,” but these tools continue to rely on judgment and subjectivity to make
their evaluations. The PSF provides clients with a structured approach to evaluating the performance of
their projects. And third, the PSF provides clients with a “menu” of KPIs that they can use to develop their
shared risk/reward commercial models. Integrated delivery methods provide clients with an opportunity to
incentivize the achievement of their non-financial objectives through KPIs. However, it can be challenging
to measure performance in outcomes other than cost. The PSF provides clients with a range of KPIs as well
as the KRA that they will each incentivize. This will help reduce the time spent negotiating the metrics
within the commercial model and ensure that their commercial models incentivize behaviour that promotes

project success.

While our study provides validated PSF for industrial projects, certain limitations exist and present
opportunities for refinement in future investigations. This framework has been developed for evaluating
IPD effectiveness on industrial projects. Additional analysis and modification would be required prior to
implementing this IPD assessment framework. Additionally, the Decision Tree model developed in this
study can actively support performance-based decision-making for collaboration and integration strategies
in industrial construction projects. Although the model was created on a limited dataset in the industrial
construction sector, this approach based on artificial intelligence possesses the potential to be adapted and
applied to other construction categories including commercial and infrastructure sectors. Future research
can explore other machine learning models as well as deep neural networks-based decision support tools to

identify and compare the efficacy and computational complexities in this type of data with a larger dataset.
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