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Abstract

Purpose — Current theoretical viewpoints regarding the performance trends of megaprojects endorse the notion
that incorporating an outside perspective during the forecasting phase can be advantageous for the overall
progress of the megaproject. This paper aims to propose a novel approach, the clustering-behavior analysis
(C-BA), that leverages unsupervised machine learning to integrate an outside perspective as support for
megaproject forecasting.

Design/methodology/approach — Employing a database of 90 megaprojects, we demonstrated the application
of C-BA. By utilizing unsupervised machine learning techniques, the method uncovers unforeseen patterns
among past megaprojects, clusters them based on these patterns and allows for conducting a performance
comparison with current megaprojects.

Findings — The findings reveal that the proposed C-BA method offers an effective alternative for supporting
megaproject forecasting, aligning with the Fifth Hand principle. For practitioners, this would facilitate efficient
benchmarking and has the potential to serve as a learning system within megaproject organizations.
Originality/value — The originality of this work lies in introducing a novel method that integrates an outside
perspective into megaproject, with forecasts based on unsupervised machine learning. This approach aligns with
the Fifth Hand principle and highlights the potential of artificial intelligence to serve as a learning system,
offering a new avenue for efficient benchmarking in megaproject management. The paper adds complex
network theory by giving the possibility of analyzing the uniqueness and unpredictable nature of megaprojects.

Keywords Forecasting, Methodologies, Megaprojects
Paper type Research paper

1. Introduction

Megaprojects, characterized by their large scale and complexity, often find themselves mired

in challenges that lead to cost and time overrun (Flyvbjerg et al., 2009; Flyvbjerg, 2014). While

historical definitions of megaprojects have consistently emphasized their economic impact,

typically exceeding 1 billion US dollars (Flyvbjerg, 2014), recent discussions have

increasingly highlighted the scale of their complexity (Van Marrewijk et al., 2008; Brookes
l and Locatelli, 2015; He et al., 2021; Vukomanovi¢ et al., 2021). Their magnitude and
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entangled nature dramatically reduce the accuracy of the estimations of cost and time, causing International

unanticipated delays and overruns. The extant literature has long debated the causes of these Journal of
overruns, attributing them to two principles: the Planning Fallacy and the Hiding Hand. Managi.ng Prqjects
Authors supporting the first principle (such as Ansar et al., 2014; Flyvbjerg, 2014) argue that in Business

individuals making estimates for a bid under conditions of uncertainty are prone to
underestimate the cost and time required to complete a task, while simultaneously
overestimating the associated benefits (Kahneman and Tversky, 1979). Planners and project
managers frequently adopt an excessively optimistic and biased perspective, as also noted by
Roy et al. (2008), leading to the underestimation of project’s costs and duration.
These estimation errors persist even when planners acknowledge that similar projects have
historically deviated from predictions.

On the other hand, proponents of the Hiding Hand principle - such as Tka (2018) and Tka and
Soderlund (2016) propose that inaccuracies in estimates during the forecasting stage may not
always be detrimental to a project. They contend that, in numerous instances, initial
forecasting underestimates the challenges, difficulties, and costs associated with a
megaproject. However, they argue that this lack of awareness of the true nature of the
situation encourages companies to optimistically embark on projects they might otherwise
avoid if fully informed. Therefore, adopting an external perspective and acquiring additional
insights from past projects may not necessarily contribute to a project’s success and might even
impede its initiation.

A substantial amount of academic research has critiqued both Planning Fallacy and Hiding
Hand (Love et al., 2019; Themsen, 2019; Delise et al., 2023; Pinto, 2023), aiming to determine
which phenomenon is more commonly observed in real-world projects and which more
effectively explains the actual behavior of project managers and planners. Evidence suggests
that both the Planning Fallacy and the Hiding Hand are present in real-world projects and that
no single perspective completely dominates project-related behavior (Sassano, 2025).

The concept of the Fifth Hand, introduced by Ika et al. (2022) inspired by the work of
Anbheier’s (2016), builds on the existing theories of the Planning Fallacy and the Hiding Hand
by incorporating an external perspective that enhances the understanding and management of
megaprojects. This perspective encourages viewing project preconditions more openly and
comprehensively, facilitating both research and practical applications in project management.
Thus, this concept asserts that such a perspective enhances the capacity to learn from past
megaproject experiences by incorporating external insights from past endeavors.

The literature addressing the incorporation of an external perspective into megaproject
forecasting predominantly revolves around (1) the storage of lessons learned in megaproject
management (Davies and Brady, 2000; Brady and Davies, 2004), (2) the methods of
integrating an outside view into megaproject forecasting (Batselier and Vanhoucke, 2016;
Flyvbjerg et al., 2016; Fridgeirsson, 2016), and (3) the underlying reasons behind success or
failure in assimilating insights from past megaproject experiences (Andranovich et al., 2001;
Han et al., 2009).

In this paper, our focus is on the literature concerning point (2), which predominantly
proposes the use of Reference Class Forecasting (RCF) to integrate an outside view in
megaproject planning (Flyvbjerg, 2008; Flyvbjerg, 2016). The literature acknowledges its
limitations, although it is recognized as a valid method for direct forecasting. The final values
produced by this method need adjustment for optimism bias, which typically involves an
arbitrary uplift determined by the decision maker (Pinto, 2023).

Recent developments in the field of Artificial Intelligence (AI) have expanded its
application across various domains of project forecasting, including enhancing estimations of
project timelines (Wang et al., 2012), optimizing cost predictions (Cheng et al., 2010; Dursun
and Stoy, 2016), and predicting potential project risks (Mariani and Mancini, 2023; Mancini
et al., 2023). In particular, machine learning techniques have proved to be effective in
analyzing complex data patterns and trends, thus offering more precise and dynamic
forecasting models (Wei and Rana, 2019; Gondia et al., 2020; Mariani et al., 2023).For this
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IJMPB reason, we propose the idea that these advances can be a valuable support for megaproject
18,8 forecasting, and we put forward the following research question:

How can project decision-makers use machine learning to compare current project performance with
past outcomes to improve forecasting?

To answer this question, we introduce Clustering-Behavior Analysis (C-BA) as a method that
leverages unsupervised machine learning for data-driven insights to support megaproject
forecasting. This novel method can effectively collect insights from past megaproject
experiences and offer robust support to decision-makers operating under uncertainty
(Gentleman and Carey, 2008; Hahne and Gentlemann, 2008; Alikhani and Jeong, 2021).

The theoretical contribution of this work is to suggest an additional method (C-BA) aligned
with the implementation of the Fifth Hand principle proposed by Ika et al. (2022). The C-BA
employs an external data-driven perspective that allows for the comparison of a current focal
project’s performance with the behaviors and outcomes of past endeavors. For practitioners,
we propose that unsupervised machine learning can serve as an alternative method to support
megaproject performance forecasting by efficiently benchmarking it against past behaviors.
This method can serve as a learning system within megaproject organizations, leveraging past
data to inform future learning, and contributing to a more informed and data-driven approach
to megaproject management.

The paper is structured as follows: the background section introduces the key constructs of
the paper, namely the debate between the Hiding Hand and Planning Fallacy principles, the
presentation of the most well-known forecasting methods, and the logic underlying
unsupervised clustering algorithms. Subsequently, we introduce and test C-BA using a
dataset of 90 megaprojects, analyzed at the initial stage, at 50% progress and upon completion.
The results of this dynamic analysis, which examines how project evolution influences
changes in group membership, are detailed in the results section. The paper concludes by
discussing the implications for both theory and practice, summarizing the findings, and
outlining the main limitations.

52

2. Background

2.1 The Planning Fallacy debate

In literature, the tendency of projects and megaprojects to be late and to go over budget has
been studied from different points of view, taking into account a plethora of dimensions of
interest (Flyvbjerg, 2014; Denicol et al., 2020; Love et al., 2022a, b, 2023a, b, c, d). Key
dimensions such as initial expectations, level of ignorance, creativity, and approach to risk play
pivotal roles in the debates emerging from the literature (Denicol et al., 2020). In the last ten
years, the discussion around the rationale underpinning unreliable initial estimates, culminated
in a debate between two principles, namely the Hiding Hand, and the Planning Fallacy
(Lepenies, 2018; Kreiner, 2020; Delise et al., 2023; McLeod, 2023).

The Planning Fallacy principle posits that project planners and managers often forecast
project costs, timelines, and benefits with undue optimism, aligning their estimates
predominantly with best-case scenarios (Flyvbjerg, 2014). This tendency is particularly
pronounced in projects where knowledge uncertainty is low but complexity is unexpectedly
high (Ika et al., 2022). In such environments—typically well-regulated industries—there is
abundant information available from past projects. However, this wealth of data can lead to
misinterpretations by project sponsors, who may selectively focus on favorable outcomes,
overlook potential setbacks, and overemphasize the project’s prospective benefits, thus
skewing the planning process toward overly optimistic forecasts (Flyvbjerg et al., 2002).
Conversely, the “Hiding Hand” principle suggests that, since actions and effects are projected
into a future that cannot be properly predicted by forecasting, projects of all types are
inevitably affected by a high level of uncertainty (Kreiner, 2020). This is especially relevant in
contexts where little external knowledge is accessible, making it difficult to fully grasp or

Downl oaded from http://ww. emeral d. conlijnpb/article-pdf/18/8/50/ 10280259/ i j npb- 11- 2024- 0281en. pdf by guest on 30 March 2026



accurately represent the complex nature of megaprojects. Consequently, planners rely on International

creativity and problem-solving to tackle the challenges that may emerge, possibly leading to Journal of
benefit overruns alongside cost overruns. Each perspective — the Hiding Hand and Planning Managi.ng Prqjects
Fallacy - present advantages and disadvantages. The former can incentivize active problem- in Business

solving when facing uncertainties, where creative solutions may emerge and lead to more
benefits than expected. In the case of the latter, the knowledge of the planners is usually
sufficient to achieve the desired outcome despite the issues generated by the misrepresentation
(Tka, 2018; Love et al., 2023a, b, ¢, d). However, this might result in behavior characterized by
profiteering and corruption. In both instances, lack of knowledge plays a pivotal role.
In particular, the Hiding Hand enables the realization of many endeavors that would probably
not even begin if the adversities were known antecedently (Kreiner, 2020). This is one of the
main flaws of the approach: in cases of extreme uncertainty, the level of risk could be too high
to be handled, causing the failure of the project (Eren, 2019).

To overcome this dualistic view, Ika et al. (2022) provide a more balanced theoretical
explanation of project behavior, the so-called Fifth Hand. This principle highlights the
importance of adopting an inclusive perspective when assessing project preconditions. Such
an approach is instrumental in assisting both researchers and practitioners as they seek to gain
deeper insights into the factors influencing project management performance and the
achievement of project objectives (Love et al., 2012a, b; Tka and Pinto, 2022a, b). Ika et al.
(2022) specifically highlight that this viewpoint improves the capacity to derive valuable
lessons by incorporating external insights from previous projects. This perspective has the
potential to be relevant about a wide array of projects carried out in diverse circumstances,
allowing for taking into account both optimism and pessimism bias (Ika and Pinto, 2022a, b;
Love et al., 2022a, b).

53

2.2 RCF: the main method supporting the outside view in forecasting

The Fifth Hand principle aims to facilitate learning from past experiences, providing
a comprehensive understanding of the behaviors associated with previous megaprojects,
applicable not only within the same organization’s project domains but also across various
industries (Alikhani and Jeong, 2021). Current literature indicates that the principal
methodology for extracting insights from external data in megaproject forecasting involves
the application of RCF (Flyvbjerg, 2008; Batselier and Vanhoucke, 2016). This technique
entails identifying a reference class of similar past projects and constructing a probability
distribution for the forecasted parameter within the selected reference class. It then compares a
current focal project with the reference class distribution to establish its most likely outcomes
(Flyvbjerg, 2016). There are numerous papers that have adopted RCF, applying this technique
across various fields. Table 1 lists some of them, highlighting the method used, the content of
the paper, the industry of application, and the limitations:

The technique has been primarily employed to assess the likelihood of cost and schedule
overruns in extensive projects such as those found in transportation (Fridgeirsson, 2016),
infrastructure (Suh and Ryerson, 2019; Steininger et al., 2021), construction sector (Bayram
and Al-Jibouri, 2016; Zani and Adey, 2025), oil and gas (Natarajan, 2022) and hydropower
sectors (Ansar et al., 2014; Awojobi and Jenkins, 2015; Callegari et al., 2018; Awodi et al.,
2021). While often regarded as one of the most effective methods for incorporating external
data into estimations, using RCF alone remains a relevant point of discussion, as literature has
highlighted several structural limitations (highlighted in Table 1) that restrict its effectiveness
in practice (Rajabi Asadabadi and Zwikael, 2024).

Furthermore, drawing on Gigerenzer (2013), Tka et al. (2022) challenge the applicability of
statistical thinking in megaprojects, emphasizing that well-defined risks do not encapsulate the
unpredictable nature of such projects, which are often fraught with unknown factors.
The discussion further argues that while exact methods can mitigate known risks, they leave
unaddressed uncertainties in project planning. Ika et al. (2022) suggest that when uncertainty
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IJMPB Table 1. Limitations of reference class forecasting
18,8 .
Reference Method Content Industry Limitations
Zani et al. RCF Proposing an Infrastructure ~ Lack of large samples of
(2024) alternative method similar projects; difficulty
for class selection in gathering enough data
before RCF with the accurate
54 application information necessary to
form the reference
classes; the selection of
reference projects is a
biased process; the
method becomes the
worst-performing
contingency estimating
method when the
reference class is not
specific enough
Zani and RCF + alternative Employs RCF for Construction RCEF generates a
Adey stratified approach Swiss Highway industry subjective single uplift
(2025) project cost value rather than
forecasting providing a spectrum of
uplifts that reflect varying
degrees of certainty
Themsen RCF Case study on the Infrastructure  The application of RCF
(2019) application of RCF in did not prevent the
an infrastructure experts from applying
project their own biased
judgment when selecting
the reference class of
projects
Salling and ~ RSF Propose the use of Transport RCEF initial input is often
Leleur RSF — Integration of wrong and biased. Try to
(2015) RCF and Quantitative solve this by integrating
Risk Analysis Monte Carlo Simulation
and Risk Analysis
Bayram and RCF Application RCF to Construction RCEF relies on a single
Al-Jibouri construction projects  industry uplift value. This
(2016) cost estimate in approach does not
Turkey account for varying levels
of risk that different
projects might entail. The
paper proposes an
improvement by
integrating a range of
uplift values that
correspond to different
risk levels
Leleuretal. SIMRISK Apply reference class Infrastructure ~ RCF can be effectively

(2015)

(RCF + OT + EJ)

forecasting (RCF) in
association with risk
simulation tools

applied but must be used
in a flexible way with the
other tools to cope with
possible mistakes in the
sample selection

(continued)
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Table 1. Continued

Reference Method Content Industry Limitations

Kaiser and
Snyder
(2012)

RCF + Regression
model

Offshore wind capital
cost estimation

Energy
infrastructure

Inconsistent reporting
standards and varying
detail levels in data
sources can introduce
biases in the forecasting;
fluctuating exchange
rates and specific inflation
rates introduce;
conversion errors and
biases; Variabilities in
project conditions
necessitate normalization,
limiting the effectiveness
of cost comparisons
Limits related to
subjective expected
utility (selection bias and
anchoring effect)

Examine model of
analogy and using
empirical test
compare it with RCF

Lovallo
et al. (2012)

RCF and Similarity
Based Forecasting
(SBF)

Strategic
management

Source(s): Authors’ own creation

cannot be reduced to risk, a heuristic approach, which deliberately disregards certain
information to make decisions faster, more economically and with comparable accuracy to a
more intricate approach, can be a valuable tool for coping with uncertainty. In this paper, in line
with the Fifth Hand, we outline that framing exact methods for estimation and heuristics as a
binary choice, an “either/or” approach, does not necessarily enhance the precision of project
planning. C-BA stands at the crossroads between the two perspectives by relying on past
megaproject data for generating insights without providing an exact forecasting output.

2.3 Machine learning based methods for incorporating external data in forecasting:
K-means as an innovative alternative

Traditional forecasting methods, rely heavily on the expertise and intuition of experts or
groups of experts to make predictions. Thus, these approaches can lead to biased decisions and
overly optimistic results due to their heavy dependence on the subjective perceptions of
experts (Litsiou et al., 2022). RCF aims to mitigate these biases by using data from similar past
projects to inform predictions. Despite this, it also has limitations, as it still requires careful
selection and interpretation of the reference class, which can introduce subjectivity into the
process (Baerenbold, 2023).

To address these shortcomings, artificial intelligence has been introduced as a data-driven
alternative to support decision-making in complex project scenarios. Table 2 summarizes a
selection of papers that have employed Al techniques for forecasting project timelines
and costs.

As it can be noted, a widely studied area is the use of feedforward Artificial Neural
Networks (ANNS5), also known as multilayer perceptrons (MLPs), to predict project metrics
such as time, cost, or effort. ANN have the ability to identify key data features and patterns, and
they have been shown to outperform traditional supervised linear regression models (Lépez-
Martin and Abran, 2015; Hsu et al., 2021).

However, the success of these methods is highly dependent on the availability and quality
of the data (Pospieszny et al., 2018), making it challenging to develop a model that performs
well in a given scenario. Further, if the ANN training data primarily consists of projects that
don’t capture the wide variability or the unique constraints and opportunities of new projects,

International
Journal of
Managing Projects
in Business
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IJMPB Table 2. Al for forecasting
18,8
Use/type of
Type of Al forecasting Industry Reference Limitation
Neural Predict project ~ Construction Wang et al. (2012)  ANNs and SVMs
networks + supervector performances industry act as “black
machines (cost and boxes,” their
56 schedule) decision-making
processes are not
transparent; SVMs
are effective in
classification tasks
but they can
struggle with
generalizability
when applied to
new projects that
differ from those in
the training set
Neural Improve Cost Construction Darko et al. (2023)  The introduction of
networks + Support vector  and Duration industry Deep Neural
machines Prediction Networks (DNN)
Accuracy and Support Vector
Regression (SVR)
introduces
complexity in terms
of model
configuration,
training, and
optimization
Neural networks Risk prediction  Luo et al. Feature selection
in tunnel (2024) does not consider
construction interrelationships
frastructure between variables
Neural networks Predict Construction Juszczyk et al. Do not possible to
construction industry (2019) update on different
cost of large time frame the
sport field database, limiting
facilities analysis
effectiveness
Neural networks Predict waste Construction Cha et al. (2023) ANNS are sensitive
generation rate  industry to the input data

of building
demolitions

variations and
might not perform
well if the data is
not representative
of the typical
scenarios
encountered during
demolition
projects; ANN
requires accurately
labeled data for
training

(continued)
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Table 2. Continued International

Journal of
Use/type of Managing Projects
Type of Al forecasting Industry Reference Limitation in Business
Neural networks Predict project ~ Construction Ko and Cheng The model used
success industry (2007) Fuzzy Lofic,
Neural Networks 57
and Genetic

Algorithm. It
requires extensive
computational
resources and time
for training and
optimizing hyper-
parameters through
Bayesian inference
and Particle Swarm

Optimization
Neural networks Cost and time Megaprojects ~ Natarajan (2022) The method cannot
forecasting of and quantify all the
megaprojects Infrastructure projects risks and
uncertainties;
Outliers
megaprojects
cannot be predicted
Long short-term memory  Predict the Megaprojects Cao and Ashuri If the change is in
neural networks Volatility of and (2020) the testing period,
(LSTM) + ARIMA and Highway Infrastructure ARIMA and
ARIFMA Construction ARIFMA can only
Cost Index detect the periodic

ones, and cannot
catch unhappened
ones. If the change
is in the training
period, the time
series model is
insensitive to it
when change hap-
pens near the end of
the training sample
or distant to the end

Source(s): Authors’ own creation

the algorithm might not perform well. It could either overfit to the similarities of the projects in
the training set or fail to recognize crucial instances that differentiate one project from another,
leading to predictions that don’t accurately reflect real-world scenarios (Darko et al., 2023).

Furthermore, ANNSs are often criticized for their lack of transparency, as they function as
“black boxes”, because they learn by adjusting internal weights based on input examples,
rendering it nearly impossible to interpret the internal processes that lead to their predictions
(Berlin et al., 2009; Lopez-Martin and Abran, 2015). Given these limitations, our paper
proposes the implementation of an innovative use of unsupervised machine learning to support
complex project forecasting.

Unsupervised clustering is a Machine Learning technique that operates without the need for
predefined labels or categories, making it particularly suitable for discovering patterns that
might not be immediately evident through manual analysis (Madhulatha, 2012). It has been
extensively utilized in fields such as marketing (Volkmar et al., 2022), stakeholder
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IJMPB classification (Pérez Vera, 2018; Mariani et al., 2023), and demand forecasting (Huber et al.,
18,8 2017; Seyedan and Mafakheri, 2020).

Among the possible clustering techniques, K-means stands out as the most extensively
employed one due to its simplicity and ease of implementation. In addition, its results are
highly interpretable, making it a preferred choice for initial exploratory data analysis (Jain,
2010). Additionally, K-means has a relatively low computational cost, which is particularly
advantageous when dealing with large datasets (Arthur and Vassilvitskii, 2007; Jain, 2010).
The method’s efficiency in terms of partitioning data into clusters with minimal computational
resources, enhances its suitability for extensive applications in megaproject outcome
classification. Additionally, in comparison to other methods such as hierarchical clustering,
K-means is better suited for empirical investigations as it is capable of providing meaningful
and stable results, making it a reliable method for clustering tasks across various datasets and
applications (Madhulatha, 2012).

K-means represent clusters based on their respective centroids, computed as the mean of
the objects assigned to the cluster. The sensitivity of centroids can be mitigated with
preprocessing and initialization techniques such as Silhouette or Elbow analysis (Singh et al.,
2011; Celebi, 2015; Ben Salem, Naouali and Chtourou, 2018). The partitioning algorithm then
measures the Euclidean distance between the object and the cluster mean, finally ensuring that
the resulting clusters are as compact and separate as possible (Soni Madhulatha, 2012; Charu
and Chandan, 2013).

In conclusion, this algorithm has the capability to uncover latent recurrent patterns among
historical megaprojects, spanning various fields and time periods, allowing the decision-
maker to have at their disposal a foundation of information regarding past projects’ behavior.
This can then serve as an informed overview for future decisions based on similarities among
past megaprojects (Invernizzi et al., 2018).

58

3. The new method explained

To demonstrate the application of unsupervised machine learning in megaproject forecasting
we conceptualize a new method, named C-BA. The C-BA is an adaptive data-driven decision-
making method, which relies on the concept that while a project by itself could be similar to
past projects, it is still unique (Ika, 2018; Ika et al., 2022). Therefore, it is imprecise to predict
the statistical numerical outcome of a project. However, it is possible to study how previous
similar projects behaved by analyzing similarities in their past trends and outcomes.
The proposed methodology leverages historical data from past megaprojects, organizing it into
various stages of progress to observe trends and evolution over their lifetimes. This process
enables to perform a cluster analysis at pre-defined progress stages, allowing the identification
of distinct patterns in the data regarding megaprojects. This analysis can be performed utilizing
customized variables based on the specific requirements of the analysis. After performing the
multiple-stage clusterization, the methodology enables to obtain a detailed exploration of the
historical behavior of megaprojects, by observing their transitions across clusters during their
progression. Finally, this clustering framework can be applied to a new focal megaproject.
By comparing its progress against the established cluster behaviors, insights can be obtained
about potential outcomes based on historical patterns. These insights provide project managers
with information, enabling them to steer the project in alignment with expected behaviors
derived from past megaprojects’ behavioral trends.

4. C-BA implementation

In this section, we illustrate an application of the C-BA method. As can be seen from Figure 1
the workflow consists of the following four stages: (1) assessment of state-of-the-art
megaproject datasets and relative availability; (2) dataset design intended as the deductive
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Stage Tools Activities Deliverables
--------------------------------------------- Assessment of the state of the art b ; ind d
M Literature review i—>| of megaprojects datasets and Absence of a CIOSS I ustry an
State of art relative availability country megaproject database
2 +
Online workshop with15 . . AP
Megaproject IPMA cerfitified Defining a !15( of cross §cctor and Idenuﬁcam)'n of 90
identification . countries megaprojects megaprojects
¥
3
Database Literature review —— Defining categories and variables —> Database definition
design \‘/rf\
Y.
€ Megaproject’s secondary > Database population > Database ulated
Database sources data collection pop pop
population \/I//\
Y
®) 5 Cluster-Behavior Analysis Dual-stage C-BA impl ion| _, IDynamic results of megaprojects
Analysis (C-BA) (50%-at completion) behavior

Figure 1. Research steps. Source: Authors’ own creation

definition of the variables describing megaprojects; (3) population of the database, data
adjustment, and normalization; (4) C-BA method implementation and results evaluation.

4.1 Database design

Figure 1 shows that the first step of the research (Step 1) was an extensive review on
megaproject datasets, which revealed the absence of any cross-sectoral and international
databases for megaprojects. Specifically, we found that (1) the majority of papers referencing
megaproject databases do not offer public access to the data, thereby limiting the possibility of
conducting further analysis; (2) public databases provided by governments and non-
governmental organizations often pertain to specific countries or sectors (for example the
Building America list of Energy projects by the U.S. Department of Energy; the Federal and
State Department of Transportation project database; the Asian Infrastructure Investment
Bank database and others). They provide lists segmented by country and industry, which
impedes a comprehensive analysis of megaproject trends. As previously mentioned, this
approach falls short because it confines the evaluation to a single reference class rather than
exploring broader, cross-sectoral patterns; (3) the existing databases contain heterogeneous
variables and lack structured data, making it challenging to perform a comprehensive analysis
of megaprojects past data.

To overcome the limitations stated of public datasets, a megaproject dataset was developed
to validate and test the Cluster-Behavior Analysis (C-BA) method. The dataset was generated
in two stages: (1) Dataset design and (2) Dataset Population.

Dataset design task was focus on the identification of megaprojects from diverse sectors
and countries, and for this, an initial list was developed in collaboration with fifteen IPMA
certified managers with vast experience and diverse backgrounds (Step 2) (Isaac, 2023). Each
manager proposed a list of influential megaprojects from the last 20 years according to their
background and the definition given to them.
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Journal of
Managing Projects
in Business

59

Downl oaded from http://ww. emeral d. conlijnpb/article-pdf/18/8/50/ 10280259/ i j npb- 11- 2024- 0281en. pdf by guest on 30 March 2026



IJMPB The 20-year threshold was established for mainly two reasons: (1) megaprojects are highly
18,8 complex, resource-intensive, and lengthy, resulting in a low annual frequency; a shorter time
span would yield an insufficient quantity for clustering. (2) Due to the scarcity of public project
data, limiting the selection to projects from the past 20 years ensures they were built in the post-
internet era, which facilitates data availability.

After gathering individual lists, they were merged into a single comprehensive database.
Post processing was applied to standardize the name and remove duplicated records. The
depurated list was then filtered by sectors and validated in online meetings with the managers
with higher experience in said sectors, assuring the projects meet the requirements to be
considered megaprojects according to its characteristics and impact.

The objective of this database is to compile sufficient information for the effective
application of k-means clustering, thereby providing decision-makers with clusters of projects
that exhibit similar behaviors based on selected parameters. This approach enables historical
analysis and offers opportunities to examine how decisions made in previous projects within
similar clusters influenced performance outcomes. For this, the aim was not to create a
statistically representative database —unnecessary for the effective application of k-means
clustering, but rather to assemble a multi-sectorial catalog of megaprojects where data
integrity could be assured (Jain, 2010). The selection process was guided by principles of
industry sector diversity to ensure a broad representation of megaproject characteristics,
thereby overcoming the limitations associated with random cross-sectional sampling
(employed in RCF).

The dataset resulted in 117 projects of sectors ranging from infrastructure projects (such as
roads, bridges, water security systems, tunnels, and dams), to extractive industries (focusing
on oil and minerals), research and development projects (covering areas like software design,
biotechnology, and aerospace innovation), and consumption-related projects (including travel
and tourism, film festivals, Olympic stadiums, and entertainment complexes). In terms of
project stages, we restricted our selection to megaprojects that had already been completed to
ensure consistency and comparability in our analysis.

The effectiveness of our unsupervised clustering analysis depended significantly on the
availability of complete and detailed data. Thus, after a first selection of the dataset, a
secondary filtering process was performed to verify data coverage for each of them in order to
minimize data gaps. This resulted in a final dataset of 90 megaprojects with available data, that
meet the requirement of a budget higher than US$1bn, a value that is in line with some of the
best-known definitions of megaprojects (Love et al., 2022a, b, 2023a, b, c, d).

60

4.2 Database population

Once the selection of the megaprojects was completed, we deductively identified the
megaprojects’ variables based on a literature analysis (Step 3) Appendix. These variables were
selected with the specific aim of capturing relevant characteristics of megaprojects within the
study domain, ensuring that they would yield meaningful results during the subsequent C-BA.
It is important to note that the selected variables are not restrictive; the method is fully dynamic
and allows for modifications to the input variables to adapt to the specific needs and objectives
of the study.

Once the variables were identified we populated the database by manually consulting
several reputable websites, scientific blogs and government websites (Step 4). These included
Science Direct, Scopus, Google Scholar, Web of Science, The Guardian, The New York Times,
The Seattle Times, the NASA official website and many others. Once completed the data
collection, a post-processing process was implemented to standardize the variables, thus
allowing the comparison of the items and generate significant clusters (Figure 2). This was
performed in two phases: (1) Context and (2) Temporal corrections. Context corrections (1)
involved the transformation of values into a single currency, in this case all values were
standardize by converting them into US dollars (USD) with the conversion rate corresponding
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Figure 2. Pre-processing of data. Source: Authors’ own creation

to the year of which the data was extracted. Two ratio variables were introduced, calculated as
the initial and final budgets divided by the Gross Domestic Product (GDP) of the
megaproject’s country of origin. This allowed us to represent the absolute impact of the
megaproject on the country’s GDP. Temporal corrections (2) consisted in adjustments for
transforming the cost variables into relative values that could account for both inflation and
variations in GDP across different countries. Converting the relative value of a monetary
amount from one year to the equivalent value in another year can be accomplished using the
GDP deflator (Barro, 2013).Since GDP alone does not consider the influence of inflation or
changes in price levels, the GDP deflator addresses this issue by comparing current prices to
those in an established base year. The computation of the initial megaproject’s budget and the
relative final cost was calculated as the proportion between the relative cost at year 2021 and
the GDP deflator at year 2021. In doing so, we ensured that the values of megaprojects
completed in different countries could be effectively compared, also taking inflation into
account.

The final list of variables included in the C-BA procedure are marked with an (*) in Annex
1. Once the dataset was processed, we proceeded to apply the K-means unsupervised
clustering algorithm on Python. To prove the C-BA method (Step 5), we performed the
analysis considering megaprojects at three progress stages: at their beginning (Initial Clusters),
at their half-life (Partial Clusters) and at completion (Full Clusters).

4.3 Definition and analysis of clusters

In this section, we describe the methodology used to define and analyze clusters, using the “at
completion” database as an illustrative example. For clarity, this demonstration employs data
from megaprojects that have been completed. In the subsequent section, we apply the C-BA to
the same megaprojects at a 50% completion stage. We employed Principal Component
Analysis (PCA), a statistical technique used to simplify the complexity of high-dimensional
data by transforming it into fewer dimensions. This method reduces the dataset to its most
significant features, which are called principal components. To determine the number of
components we utilized eigenvalues, where each eigenvalue represents the amount of variance
captured by its corresponding principal component. The plot in Figure 3 shows the eigenvalues
of the components, with a horizontal line indicating the cutoff value of 1.0 for retaining them.
In our analysis, four components have eigenvalues above this threshold, suggesting that these
four capture the most significant variance in the dataset and should be considered for further
analysis.

Table 3 illustrates the rotated components resulting from the PCA. The first component
represents the scale of the project relative to the country’s GDP, highlighting its economic
significance to the nation. The second component focuses on temporal variables, capturing
time-related aspects of the project. The third component pertains to the cost variable,
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Figure 3. Eigenvalues for PCA analysis. Source: Authors’ own creation

Table 3. Rotated components of PCA analysis

Index Compl Comp2 Comp3 Comp4
Relative value 2021 of initial budget [billion $] —0.05 0.01 0.71 —0.07
Initial budget/GDP 0.70 0.02 —0.01 —0.04
Relative value 2021 of the final cost [billion $] 0.06 -0.01 0.69 0.09
Final cost/GDP 0.70 —0.02 0.01 0.03
Overbudget percentage —0.00 0.00 0.00 0.99
Years of delay 0.03 0.72 —0.10 0.05
Duration —0.03 0.69 0.11 —0.05

Source(s): Authors’ own creation

specifically the project’s budget. Lastly, the fourth component emphasizes variables related to
budget overruns, identifying financial exceedances.

The K-means algorithm necessitates the number of clusters (k) as an input. To determine k,
we employed three methods: Silhouette Analysis, the Elbow Method, and Hierarchical
Clustering (Figure 4a and b).

Silhouette Analysis evaluates the quality of clustering by determining the silhouette
coefficient for each data point (Rousseeuw, 1987). This coefficient quantifies how closely a
data point aligns with its cluster relative to its proximity to other clusters. The Elbow Method,
on the other hand, plots the total within-cluster sum of squares against the number of clusters
(Antunes et al., 2018; Mouton et al., 2020). The point where the rate of decrease shifts is
considered as the optimal number of clusters. The Silhouette coefficient and elbow method
values are reported in Table 4.

The optimal number of clusters is identified as five as indicated by the Elbow Method.
This method demonstrates a significant leveling off in the rate of decrease in the sum of
squared distances at this point. Further supporting this selection, the Silhouette coefficient for
this cluster count is notably high at 0.51. This suggests a good balance between intra-cluster
cohesion and inter-cluster separation, affirming that five clusters are the optimal choice.

This choice is further confirmed by the dendrogram plotted in Figure 5, which is a visual
representation analysis that shows the hierarchical structure of clusters by illustrating how data
points or groups of data points merge as the number of clusters decreases.

Downl oaded from http://ww. emeral d. conlijnpb/article-pdf/18/8/50/ 10280259/ i j npb- 11- 2024- 0281en. pdf by guest on 30 March 2026



Silhouette coefficient Elbow Method International

07 400 Journal of
350 Managing Projects
0.65 . in Business
300
£ 06 250
= 2
2 0.55 O 200
L
3 =
e . 150 63
= 05
z ) 100
0.45
50
0.4 0
2 4 6 8 10 2 4 6 8 10
Number of Clusters Number of Clusters
(a) (b)

Figure 4. (a) Silhouette coefficient plot; (b) Elbow method plot. Source: Authors’ own creation

Table 4. Silhouette coefficient and elbow method values

Elbow Silhouette
Clusters method coefficient
2 375.73 0.66
3 275.84 0.47
4 188.69 0.49
5 126.67 0.51
6 102.44 0.51
7 86.63 0.43
8 72.35 0.42
9 58.60 0.46
10 50.40 0.47

Source(s): Authors’ own creation

This three-step analysis, used to identify PCA components and the optimal number of
clusters, can be consistently applied across various stages of the megaprojects.

5. Results

5.1 C-BA at completion

This section provides a comprehensive overview of the results of the application of the C-BA
method. The results section will start by providing the application of the C-BA to the
megaproject at completion (Final Clusters), proceeding then with the analysis of the trends
when examining projects’ shifts. Table 5 reports the means of the clusters for the four
components discussed in the previous section (influence of the budget over the country’s GDP,
megaproject duration, cost, and overbudget).

Cluster Final 1 (F1) primarily consists of infrastructure projects characterized by minimal
delays, short durations, and relatively low budget overruns. Cluster F2 includes megaprojects
that show very high initial budgets; however, these projects do not show cost overruns,
experience delays, or significantly impact the GDP of the country. This suggests that these
projects might have been overestimated initially and ended up being less impactful than
expected. Cluster F3 comprises megaprojects that have a substantial impact on the country’s
GDP, indicating their significant influence, though they are not the most expensive in the
dataset and have average durations. Cluster F4 encompasses projects with long durations

Downl oaded from http://ww. emeral d. conlijnpb/article-pdf/18/8/50/ 10280259/ i j npb- 11- 2024- 0281en. pdf by guest on 30 March 2026



IJMPB s
18,8 7

15.0 1

12.5 1

64

10.0 1

7.5 1

“t ]

Cluster Distance

2.54 ——‘
0.0

Figure 5. Hierarchical clustering dendrogram. Source: Authors’ own creation

Table 5. Clusters obtained performing the cluster analysis on the complete database

Cluster

label Influence Duration Cost Overbudget
F1 —0.25 —0.65 —0.35 -0.17

F2 0.36 0.51 5.23 —0.47

F3 6.58 0.30 1.27 —0.18

F4 —0.25 1.72 —0.18 —0.22

F5 —0.30 0.31 —0.20 4.13

Source(s): Authors’ own creation

showing low overbudget figures and relatively modest total budgets. Finally, Cluster F5 is
marked by projects that show significant cost overruns, with average durations, indicating
challenges in terms of budget management and planning within these projects.

5.2 C-BA at half-life megaproject

Table 6 shows the results of the K-means cluster analysis performed at fifty percent of
completion of the megaprojects. This analysis was performed by generating a synthetic
dataset. The PCA analysis was performed, obtaining the same 4 components as the

Table 6. Cluster Analysis at 50 percent of completion

Cluster

label Influence Duration Cost Overbudget
P1 —0.25 —0.65 —0.37 —0.16

p2 12.15 —0.32 5.25 —0.30

P3 0.13 —0.30 6.75 —0.38

P4 —0.27 0.50 —0.23 4.17

P5 —0.10 0.83 —0.26 —-0.18

P6 0.02 2.85 —0.25 —-0.27

P7 1.15 0.46 2.34 —0.32

Source(s): Authors’ own creation
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at-completion analysis. For the K-means analysis, the same 3-step verification process International

(Silhouette, EIbow method, and hierarchical clustering) was applied, and we obtained a total of Journal of
7 clusters to analyze. Managing Projects
The analysis of megaproject clusters at 50% completion reveals varying impacts on in Business

economic and operational metrics across different categories. Cluster Partial 1 (P1) consists
of well-balanced megaprojects characterized by the shortest durations and relatively low costs,
indicating efficient management and effective progress control. Cluster P2 includes
megaprojects that already have a significant influence on the GDP relative to their costs,
highlighting their pivotal role in their respective countries’ economies, despite being only
halfway completed. Cluster P3 features high-cost megaprojects that exert a moderate to low
impact on GDP. Cluster P4 is comprised of megaprojects that frequently exceed budget
expectations but maintain low costs and medium to high durations, reflecting either optimistic
initial cost estimations or unforeseen challenges as they progress. Cluster P5 projects
demonstrate longer durations with minimal over-budget occurrences, indicating steady
execution. Cluster P6 includes long-term megaprojects that manage to keep costs low. Finally,
Cluster P7 includes megaprojects that, while exhibiting low over-budget incidents, still
involve a moderate to high influence on GDP, balancing cost, duration, and economic impact
effectively.

After gathering the cluster data relating to a variety of projects at different stages of
completion, we proceeded to implement the C-BA method by comparing how the different
projects dynamically move to different clusters across progress variation. Figure 6 represents
the outcome of the C-BA analysis, where the evolution of megaprojects from the clusters
identified at the 50% advancement and at completion can be seen. The method captures the
dynamism of megaproject progress, and how, depending on management decisions and
specific situations, they can end up with many different outcomes. For example, we can see
that if a new project at 50% completion enters Cluster P3, which is the cluster showing high
costs, the C-BA analysis shows that previous projects in this same cluster ended up at their
completion either in Cluster F2, which also shows high costs, or in F4, that is average in the
same dimension, showing two possible outcomes. The situation can be further analyzed in
terms of the differences between the different paths, and how decisions or specific situations
affected the project outcomes. Again, if a new project falls into the P4 cluster indicating high
duration, similar projects have ended up in two different clusters, showing different degrees of
duration. This analysis illustrates the fluid nature of megaproject development, underscoring
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Figure 6. C-BA outcome. Source: Authors’ own creation
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IJMPB the C-BA method’s ability to adaptively reflect the shifts in project dynamics based on

18,8 management decisions and varying project conditions. The transitions between clusters, as
depicted in, reveal the multifaceted paths that projects can traverse, depending on evolving
project conditions and strategic decisions made along the way.

5.3 The holistic application of C-BA

66 To demonstrate the holistic application of the C-BA method, we extended our analysis beyond
the midpoint and completion stages of the megaprojects. This enabled us to conduct a dynamic
behavioral analysis across the entire lifecycles of the megaprojects, providing a
comprehensive understanding of their evolution from start to finish. To demonstrate this
point, we conducted an exemplary analysis using only the initial variables of the projects
“Relative value in 2021 of initial budget” and “Initial Budget/GDP”. Since there were only two
variables under consideration, we did not apply Principal Component Analysis. Instead, we
directly applied K-means clustering after standardizing the variables. The three-step method
involving the elbow, silhouette, and dendrogram, indicated that there were five clusters for this
initial case.

Figure 7 displays the results of clustering the initial variables and illustrates how projects
are connected to their partial and full states. In this case, it can be observed that if a project,
based on its initial state, is classified as 14, it could be expected to end up in clusters P1 or P3
when it reaches 50% completion. If it falls into P1, there is a higher degree of uncertainty
because the possible outcomes may lead to clusters F1, F2, F3, or F4. Conversely, if the project
ends up in cluster P3, the most likely scenarios are F4 or F2. This information provides
guidance on the multiple potential outcomes depending on the project phase, offering insights
for decision-makers in terms of strategic planning, based on the experiences of previous
projects. Furthermore, the method could be expanded by adding more phases or even by sub-
clustering the obtained clusters, if necessary, although this would introduce a greater degree of
uncertainty and require further study.

6. Discussion

The Fifth Hand principle advocates incorporating an external perspective when approaching
project forecasting, emphasizing the importance of learning from past projects (Love et al.,
2012a, b; Ika et al., 2022; Pinto, 2023). The existing body of literature has predominantly
reported RCF as the primary method for incorporating lessons from previous megaprojects
and extracting insights to enhance the forecasting of new megaprojects (Flyvbjerg, 2008;
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Figure 7. C-BA outcome including initial variables. Source: Authors’ own creation
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Flyvbjerg et al., 2016). However, as previously indicated, RCF exhibits several limitations, International

primarily due to the static assumptions on which it is based (Love et al., 2022a, b, 2023a, b, c, Journal of
d). Although it proves effective in megaproject scenarios marked by stability and well-defined Managing Projects
risks, exact forecasting methods may not be well-suited for situations characterized by a high in Business
degree of uniqueness and uncertainty, which can frequently occur in such projects (Love et al.,

2023a, b, c, d).

The C-BA method introduces a new perspective on integrating external viewpoints into
megaproject forecasting, enabling the identification of latent patterns in data from previous
megaprojects. This approach emphasizes a data-driven method that does not produce exact
forecasts, but rather offers a cluster-based analysis of similar behaviors across projects at
various stages of their development. This provides project managers with insights that allow
them to make informed decisions based on knowledge gleaned from past projects. As
indicated in literature, we acknowledge that numerous factors during the planning and
implementation phases may lead to a shortfall in megaproject management performance
compared to the initial expectations (Ika, 2018). In the forecasting phase, planners might
succumb to optimism bias, resulting in an underestimation of the time and cost associated with
a specific project (Flyvbjerg, 2016). As previously mentioned, the perspective of Planning
Fallacy views these inaccuracies in estimations as a flaw. Human bias or strategic
misrepresentation can skew estimates, leading to an overestimation of benefits and an
underestimation of costs. Consequently, during the implementation phase, project managers
find themselves consistently striving to realign their projects with the original plan (Love et al.,
2019). The perspective of a Hiding Hand offers an explanation for inaccurate estimations by
attributing them to over-optimism, but in a manner that conceals potentially significant
obstacles from view. Companies embark on these projects, and it is only during
implementation that the extent of ignorance becomes apparent. However, project teams can
leverage their creativity and problem-solving skills to achieve long-term successes that match
orovercome the initial expectations, even though they still exceed the anticipated time and cost
estimates (Ika et al., 2022).

We acknowledge, as emphasized by Ika (2018), that not only optimism bias but also a
variety of internal elements within the project team such as leadership, team issues, scope
changes and rework, might influence the outcome of megaprojects. Given this, we propose the
C-BA as an analytical tool that can present, without optimism bias, the full spectrum of
outcomes from past similar projects, thereby providing diagnostic methods for megaproject
forecasting.

The analysis conducted through unsupervised clustering highlights similarities with regard
to past projects and underscores the potential to derive certain rules that generalize the
behavior of megaprojects belonging to a cluster and their evolution. Love et al. (2023a, b, c, d)
recognize that to cope with uncertainty, decision-makers can effectively revert to heuristics
intended as cognitive shortcuts that filter out irrelevant information, enabling the leveraging of
fundamental psychological abilities for quick, economical judgments that often lead to
efficient and effective outcomes. Differently, the results of our study suggest that employing
clustering can be an effective foundation for making informed heuristic-driven choices.
Regardless of the decision-making methodology employed by managers, we advocate for the
use of the C-BA approach as a tool to facilitate context-aware decision-making. This method is
both rapid and effective, offering data-driven support for decision-making in megaprojects and
other scenarios.

67

6.1 Implication for theory

Our paper presents three main implications for theory. The primary contribution of our study is
the introduction of an innovative approach to enhance forecasting for megaprojects aligning
with the Fifth Hand, a novel concept that needs to be further explored. This paper proposes an
effective measures to assist researchers and practitioners in harnessing this perspective to
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IJMPB support project forecasting, by facilitating the extraction of insights from past megaproject
18,8 datasets. Therefore, contributing to the Planning Fallacy debate by advocating C-BA as a
method that supports “moving away from dualisms like Planning Fallacy versus Hiding Hand,
or bias versus error, to dualities of Planning Fallacy and Hiding Hand or bias and error” (Ika
et al., 2022). In fact, our approach involves adopting an external perspective for supporting
forecasting that positions itself as a data-oriented foundation for heuristic decision-making. As
reported by Love et al., 2022a, b, heuristic decision making derives from reinforcement
learning, in other words learning by experience of past projects. In this sense, we might
consider the patterns derived from our megaprojects dataset as an effective heuristic
selection aid.

The second contribution is related to complexity studies in megaprojects. In the context of
megaproject forecasting, the application of Complex Network Theory (CNT) has shown the
significant challenge of managing interdependencies and nonlinear interactions that
characterize large-scale projects (Pryke et al., 2018; Guo et al., 2020). This theory calls for
models that can handle the often-unpredictable dynamics of megaprojects, thus our paper
enriches this theoretical perspective by advocating for the adoption of dynamic forecasting
making use of unsupervised machine learning to continuously adapt and assimilate emerging
information. This integration enhances the predictive accuracy of decision makers and
enriches the theoretical understanding of how complex systems can be effectively managed
and forecasted through continuous updating and learning from the experience, aligning with
the Organizational Learning Theory (OLT), stating that preserving institutional memory is
crucial for learning from the past (Crossan et al., 1995). We emphasize the significance of
broadening the scope of learning beyond individual organizational experiences, particularly in
the context of new megaprojects where similar configurations seldom recur. We contend that
integrating data from external organizations is critical to enhancing the depth and breadth of
learning (Delise et al., 2023)

The introduction of clustering-based analyses as a support for megaproject forecasting also
extends its influence on another dimension of organizational learning theory, specifically the
concept of “double loop learning” (Argyris, 1977; Auqui-Caceres and Furlan, 2023).
Organizations engaged in double loop learning continuously reflect on and challenge their
core assumptions, leading to a loop of constant improvement. By looking at the C-BA method
as an organizational knowledge base, organizations can not only monitor and refine current
management strategies, but also proactively shape future approaches for better project
outcomes (Auqui-Caceres and Furlan, 2023). Moreover, by implementing the C-BA method,
it is possible to perform a comparative performance evaluation of a current focal project
against historical trends. For example, a current focal project at a certain stage of progress can
be compared with the trajectory and dynamics of a past project to better understand potential
future progress perspectives.

68

6.2 Implication for practice

Project management often involves an intuitive understanding of a project’s trajectory, derived
from the project manager’s past experiences and subjective insights (Litsiou et al., 2022).
This paper proposes a novel framework for articulating these subjective perceptions,
providing a structured approach to predict project behavior across different stages of the
project lifecycle.

The primary insight of this paper for practice lies in recognizing that, despite their high
degree of uniqueness, it is possible to learn from past megaprojects. Specifically, in this
paper we propose the C-BA approach as a qualitative method that can aid project managers
in deriving insights from past or external megaprojects for understanding the possible
behavior of new ones. Managers and project team members, on the basis of company’s
needs, can easily implement this method by selecting both the number of project stages to
analyze and the variables to be considered. For example, starting from a dataset of past
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completed megaprojects, including their progress data, project managers could decide to
conduct a C-BA on a tailored number of critical stages. This analysis is dynamic in two
ways: (1) data from different stages of progress can generate a varying number of clusters,
allowing for an analysis that dynamically tracks the shift of megaprojects into clusters with
different characteristics; (2) when the analysis is repeated, the principal components may
change, leading to a dynamic shift in the variables that explain the majority of the variance.
This allows to perform a completely dynamic data driven analysis, minimizing the biases
arising from reference classes’ selection. Once the analysis of historical data is complete,
comparing a new focal project with this historical data becomes possible. This comparison
involves mapping the progress of the new project against established benchmarks and
trends identified in the historical analysis. By using the cluster analyses conducted at
different stages, project managers can position the new project within these predefined
clusters to see how it aligns with or deviates from past projects. This comparison benefits
forecasting by predicting potential outcomes, identifying risk areas, and determining which
aspects of the project may require closer monitoring or adjustment. Additionally, the
dynamic nature of the analysis allows for adjustments based on shifts in key variables or
changes in project characteristics over time, making the comparison adaptive to new
developments as the project progresses. To facilitate the implementation of the Clustering-
Behavior Analysis (C-BA) method, we recommend utilizing a suite of software tools that
are adept at data integration and advanced cluster analysis. For example, Python, with its
extensive libraries such as Pandas for data manipulation, Scikit-learn for machine learning,
and Matplotlib for data visualization, is particularly well-suited for implementing the C-BA
method. Other tools that could also be beneficial include R for statistical computing and
MATLAB for handling complex numerical calculations and visualizations. Figure 8 below
aims to explicitly demonstrate, step-by-step, how the C-BA method can be implemented in
real project settings.

: Step 3| Perform the C-BA Analysis:
Step 1| Data Collection: Collecting | Stage-Wise Clustering: Conducting C-BA on a tailored number of critical

progress data from past completed : stages. . . .
megaprojects, at different progress stages | | Dynamic Tracking: Aualysq\g how_data from_ dlfferem stages might form

(e.g. 25%: 50%: 75% completion) : varying numbers of clu§te_1’s. illustrating th_e shift of projects into _clu_sters
with different characteristics. Upon repeating the analysis. the principal
components may change, which affects the variables explaining the
majority of the variance.

|
Step 2 | Data Pre-Processing and Initial :
Analysis Setup: Project managers decide :
how many project stages to analyse and |
which variables to consider. The PM !
controls that the database is complete, :
consistent and non-redundant :
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Step 4 | Comparison with New Projects:
Mapping Against Benchmarks: Using cluster analysis results to map the

Step 5 | Continuous Updates: Adjusting the progress of a new project against established benchmarks and trends from
analysis based on shifts in key variables or the historical data.
changes in project characteristics over time. Outcome Prediction and Adjustment: Showing how this comparison

helps in predicting potential outcomes, identifying risk areas, and
suggesting areas requiring closer monitoring or adjustments.

Figure 8. Framework for C-BA application. Source: Authors’ own creation
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IJMPB 7. Limitations and conclusion

18,8 This work contributes to the ongoing megaproject Planning Fallacy debate by introducing
C-BA as a possible alternative method to support megaproject performance estimation from a
Fifth Hand perspective (Ika et al., 2022). By leveraging these machine learning-based
techniques, this research offers project professionals a powerful tool when it comes to
extracting information from a database of past project data. This resource can then be utilized
to conduct comprehensive analyses of lessons learned, identifying trends, patterns and critical
success factors. Consequently, this paper fills a void in the existing literature, providing
insights into a novel supporting method for megaproject forecasting that enhances the
diagnosis of megaproject management performance issues.

We do recognize, however, certain limitations in this study that can be explored in future
research. First, we acknowledge that our database and analysis primarily rely on measures of
quantitative performance, namely, duration/cost overruns. The decision to focus on these
variables, deemed particularly significant for megaprojects, is supported by the literature (Love
etal., 2012a, b, 2019; Ika, 2018), and allowed us to build up a reliable database which is built on
publicly-accessible information. However, the method is flexible, and allows the inclusion of
different and project specific variables, which can be tested in future research. Indeed, recent
studies stress that evaluating a megaproject involves more than just considering cost and duration
overruns; it is equally important to account for the anticipated benefits to stakeholders and the
wider community (Tka and Pinto, 2022a, b). This implies a shift in focus from mere efficiency to
more comprehensive, long-term outcomes. In this context, variables such as the ecological
footprint, contributions to the local area and employment rates become critical when applying
C-BA and might be included in future studies (Ika and Pinto, 2022a, b; Pinto et al., 2022).

Secondly, in this paper, the C-BA is performed using only 3 megaproject progress stages as
testing grounds. Future research could hypothesize additional scenarios and set up a
comparison between the trajectory of a current focal project and a dynamic analysis based on
historical data. Furthermore, the intermediate progress data should be obtained from empirical
contexts. This approach would enhance the practical applicability of the analysis and provide
deeper insights into how our theoretical models perform in real-world settings. Thus, while we
have discussed the theoretical application of our model to our database, further research in real
organizational settings is necessary to examine how this methodology affects operational
practices, shapes learning from past projects, and influences decision-making strategies when
addressing focal projects. Finally, the last limitation of this study is the number of
megaprojects used for the analysis: 90. While the number is not excessively small, the
application of machine learning techniques tends to yield more accurate and meaningful
results with an increased sample size (Kinkel et al., 2022). Therefore, an avenue for future
research could involve expanding the database by incorporating more megaproject items.
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Appendix

Table Al. Database variables
Assumptions
Variable and pre-
name Type Description Possible values processing References
Industry type  Categorical — Type of industry to Infrastructure, - Greiman
which the megaproject ~ Extractive (2013)
belongs industry,
Research and
development,
Consumption
Main sector ~ Categorical ~ Specific sector related Category of - Greiman
to the industry type belonging (e.g.: (2013)
road and
transport
infrastructure,
aerospace,
energy, etc.)
Initial Numerical ~ Planned and expected Numbers in Converted into ~ Merrow
budget (IB) cost of construction terms of billions ~ US dollars (2012),
UsD (USD) Natarajan
(2022)
Relative Numerical ~ The value that the initial Numbers in Converted into
value in budget has in 2021 terms of billions  USD, adjusted
2021 of considering inflation USD to 2021 value
initial budget and GDP through GDP
*) deflator
IB/GDP (*) Numerical  The ratio between the Percentage GDP converted
initial value and the into USD
GDP of the country in
that year
Total cost of ~ Numerical  The total investments Numbers in Converted into ~ Merrow
completion that the megaproject terms of billions USD (2012)
(TC) needed USD
Relative Numerical ~ The value that the final ~Numbers in In case of
value in cost of completion has  terms of billions  limited
2021 of the in 2021 taking Into USD availability of
final cost (*) account inflation and data and
GDP negligible time
delay, assumed
to be equal to
the initial
budget.
Converted into
USD, adjusted
to 2021 value
through GDP
deflator
Final cost/ Numerical ~ The ratio between the Percentage GDP converted  Flyvbjerg
GDP (*) total cost of completion into USD (2014)
and the GDP of the
country in that year
Overbudget Numerical ~ (TCyp1-1B2g21)/ Percentage - Merrow
percentage 1B5g21*100 (2012)
*
(continued)
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18,8 .
Assumptions
Variable and pre-
name Type Description Possible values ~ processing References
Years of Numerical ~ Number of years of Numbers In case of Merrow
78 delay (*) delay (integers) unavailability (2012)
of data and
negligible
overbudget,
assumed to be 0
Start of Numerical  Year in which the Years - Greiman
construction construction of the (2013)
megaproject begins
End of Numerical  Year in which the Years - Greiman
construction construction of the (2013)
megaproject ends
Years of Numerical  The ratio between the Percentage -
delay/ number of years of
duration delay and the total
duration of the
megaproject
Duration (*)  Numerical =~ Number of years in Numbers - Greiman
which the megaproject  (integers) (2013)
has been realized
Owner/ Categorical The one who has the Public, private, - Brockmann
Contractor ownership over the PPP, (2020)
project and is governmentetc
accountable for the
project’s success or
failure
Region Categorical ~ Geographical location Countries and - Greiman
of the project continents (2013),
Natarajan
(2022)
Extension Categorical ~Geographical extension  City, national, - Greiman
of the project impact multi-national (2013)
Impact Categorical ~ The impact of the Military scope, - Zheng et al.
categories project (local, national (2017)
national,international) economic
development,
social progress,
environmental
protection, profit
interest
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