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Abstract
Artificial Intelligence is considered among the most disruptive technologies across industries.
Financial institutes use AI to detect fraudulent behavior in credit card use. Healthcare applies AI
to diagnose and treat illnesses. Marketers apply AI to target advertising and run chatbots.
Currently, researchers predict AI will soon disrupt Project Management by promising more
accurate predictive project analytics and enhanced efficiency through intelligent resource
management software and chatbots. Increased data collection capabilities are a main driver of these
advancements. With the development of the AI in Project Management, the synthesis of
knowledge and recent discoveries has become essential for development of the research field. In
response, this thesis applies a bibliometric analysis on the existing literature on ‘Artificial
Intelligence in Project Management’. The study presents an extensive literature review on AI
technical building blocks, challenges, and industry adoption. Based on 467 documents retrieved
from Web of Science and Scopus, the bibliometric analyses methods of Co-Citation,
Bibliographic-coupling and Co-Word are applied. From the Co-Citation analysis, the intellectual
structure of AI in Project Management is identified, from which the knowledge fields of Software
Effort Estimation, Project Risk Modeling, and Construction Cost Estimation emerge. Furthermore,
the bibliographic-coupling analysis identifies four emerging trends in the discipline, namely (i)
increased automation, explainability, and data robustness in cost estimation models, (ii) intelligent
Project Control systems based on Earned Value Management, (iii) risk mitigation scenario
modeling, and (iv) optimization of input factors for effort estimation models. The findings from
the bibliometric analysis are discussed and compared to the literature review. Furthermore,
practical applications of AI to different project management processes are discussed on their
benefits, trade-offs, and hurdles to implementation. Lastly, this thesis provides ten
recommendations for future studies.
Keywords: Project Management, Artificial Intelligence, Bibliometric Analysis, Scientific
Mapping, Emerging Trends

Resumo
A Inteligência Artificial é considerada uma das tecnologias mais influenciadores entre as
indústrias. Os institutos financeiros utilizam a IA para detectar comportamento fraudulento no uso
do cartão de crédito. O sistema de saúde aplica a IA para diagnosticar e tratar doenças. Os
profissionais de marketing aplicam a IA para direcionar publicidade e programar chatbots.
Atualmente, os pesquisadores preveem que a IA irá influenciar a Gestão de Projetos em breve,
prometendo uma análise preditiva de projetos mais precisa e mais eficiente através de software
inteligente de gestão de recursos e chatbots. O aumento da coleta de dados conduz a este avanço.
Com o desenvolvimento do campo de pesquisa, a síntese de conhecimentos e descobertas recentes
na área de IA na Gestão de Projeto tornou-se essencial para seu desenvolvimento. Em resposta,
esta tese analisa a base da literatura existente sobre 'Inteligência Artificial em Gestão de Projetos',
aplicando análise bibliométrica, descritiva e de conteúdo. O estudo apresenta uma extensa revisão
da literatura sobre os componentes técnica de IA, os desafios, e a adoção pela indústria. Com base
em 467 documentos recuperados da Web of Science e Scopus, surgem os campos de conhecimento
de IA na Gestão de Projetos. Foram achados três bases de conhecimento, sendo a Estimativa de
Esforço de Software, Modelagem de Risco de Projeto, e Estimativa de Custo de Construção. Além
disso, são apresentadas quatro tendências de pesquisa emergentes, quais sejam (i) maior
automação, explicabilidade e robustez dos dados nos modelos de estimativa de custos, (ii) sistemas
inteligentes de controle de projeto baseados na metodologia de Earned Value Management, (iii)
modelagem de cenários de mitigação de risco, e (iv) a otimização dos insumos para modelos de
estimativa de esforço. Os resultados da análise bibliométrica são discutidos e comparados com a
revisão bibliográfica. Outras aplicações da IA aos processos de gestão de projetos são discutidas
sobre seus benefícios, trade-offs e obstáculos à implementação. Finalmente, esta tese apresenta
dez recomendações para estudos futuros.
Palavras-chave: Gestão de Projetos, Inteligência Artificial, Análise Bibliométrica, Mapeamento
Científico, Tendências Emergentes
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1

Introduction

1.1

Current context

The increased importance of Artificial Intelligence (AI) is perceived both academically and
professionally. The number of academic publications on AI has risen sevenfold since the beginning
of the millennium, amounting to more than 600’000 publications in 2018 (Stanford, 2019).
McKinsey & Company has estimated the potential value of AI to the global economy at 13 trillion
USD by 2030 (2018). IBM’s Report on the Business Value of AI claims the global pandemic has
given momentum to the widespread adoption of the Technology (IBM, 2020).
Since 2016, the Project Management Institute has ranked AI as the third major disrupter of Project
Management practices (PMI, 2018). Both academic and corporate publications share the consensus
that project success increases through the deployment of AI-enabled technologies (Auth & Jokisch,
2019; Gartner, 2018; Ong & Uddin, 2020; PwC, 2018).
Academics identify that a significant contribution of AI to Project Management goes to predictive
project analytics. Predictive project analytics focuses mainly on solving resource-constrained
project planning and success prediction tasks such as cost budgeting, scheduling, and risk
management (Davahli, 2020; Ong & Uddin, 2020). Since the development of Big Data enhanced
the data collection capabilities, the informational value of predictive project analytics has
increased. Likewise, AI-specialized data analysis tools are expected to cope with the increased
data quantity and complexity (Auth & Jokisch 2019).
Some practitioners already present such integrated data-driven AI tools for Project Management,
labeling them as AI platforms. An example is provided by Deloitte’s Predictive Project Analytics,
which combines a proprietary project database and runs AI for success analytics, risk management,
or employee selection (Deloitte, 2016). Additional data-driven AI use cases are presented in
project staffing selection tools, such as those offered by software provider Cloverleaf or TARA
(Auth & Jokisch, 2019).
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Project Management Bots may present a further AI-use case. These Bots are natural languagepowered agents that provide chatbot assistance in managing project management software, thereby
increasing human efficiency (Munir, 2019). Academics agree that AI in project management is
currently restricted to a limited array of tasks. Then again, the technology has strong potential for
expansion (Auth & Jokisch, 2019; Davahli, 2020).

1.2

Problem

Research on the use of AI in Project Management has gained traction, especially since
groundbreaking research on neural networks in 2005 and 2009 and breakthroughs in deep learning
in 2012 (Tobin et al., 2020). Still, comparatively few literature reviews on the subject of AI in
Project Management followed the achievements.
This thesis identifies a total of five existing literature reviews on AI in Project Management, as
listed in Table 1. Munir (2019) conducted a literature review on commercialized intelligent Project
Management systems, assessing the use-cases of each system. Similarly, Auth & Jokisch (2019)
analyze use-cases in Project Management according to conceptual AI frameworks. The authors
conclude that technology expectations currently exceed business viability.
Table 1 - Comparison of this thesis with previous literature reviews1
Article

Methodology

Scope

Munir (2019)

Literature
Review
Literature
Review
Literature
Review
Literature
Review

Tools provided by AI to project managers

Auth & Jokisch,
(2019)
Davahli (2020)
Ong & Uddin (2020)

Automation of PM tasks through AI application
AI technique use-case by PM process group and PM Knowledge
area
Existing applications and prospects for AI in Project Management

Source: Table elaborated by the author.

1

Methodology and Scope of articles are derived from the respective academic paper
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Additionally, Ong & Uddin (2020) identify an increasing amalgamation between Data Science and
AI with Project Management through increasing data collection in Project Management, thereby
emphasizing the chance of enhancing project analytics in project planning and control. Lastly,
Davahli (2020) describes a systematic literature review on the subject, classifying existing
literature by the PM Knowledge areas and Process groups defined by PMBOK (PMI, 2017a). The
study identifies that most existing literature addresses the PM Process Group of Planning and the
Process Group of Controlling.
Still, existing literature reviews may be subject to certain limitations. For example, the literature
reviews produced by Munir (2019) and Auth & Jokisch (2019) may not cover the academic
advancements achieved in distinct fields of Artificial Intelligence in Project Management. The
limitation is mainly due to the author’s focus on commercial AI tools rather than academic
research.
Additionally, Davahli's (2020) systematic literature review stringently classifies existing
publications by the PM Knowledge Groups and Process Groups. It may hence fail to identify
knowledge structures in the discipline independent from the PMBOK structure. Furthermore, the
systematic literature review does not differentiate AI application in Project Management across
industry nor between fundamental and emerging topics in the research field. These differentiations
appear relevant since practitioners and academics may intend to orient themselves by the state of
the art of the research discipline.
Given the limitations to the existing literature reviews, this thesis proposes a bibliometric analysis
of the field. Bibliometric mapping is a tool for aggregating scientific literature from bibliometric
data by quantitative analysis. It facilitates the classification of knowledge structures, synthesizing
existing insights, and identifying emerging trends in the research field (Small, 1999; Zupic &
Čater, 2015). Therefore, the method appears suitable to complement the existing literature reviews
in providing a more holistic and dynamic analysis.
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1.3

Purpose

The purpose of this thesis is to present a bibliometric analysis to identify the intellectual structure,
the research trends, and the conceptual building blocks of the research discipline AI in Project
Management. First, the intellectual structure of a research discipline is a clustered representation
of its knowledge base. The knowledge base consists of the articles most cited in the discipline,
thereby encompassing the discipline’s fundamental theories, methodological concepts, and earlier
breakthrough works.
The intellectual structure thereby portrays the examined discipline’s research traditions,
composition, and most influential papers and patterns of their interrelationship (Zupic & Čater,
2015). By assessing the intellectual structure of the research discipline, this study complements
existing research in identifying knowledge structures independent from established Project
Management or AI framework but exclusively pertinent to the research domain.
Second, the emerging research of the domain focuses on the directions the discipline has recently
been heading to (Zupic & Čater, 2015). By analyzing the development of the research discipline,
this thesis complements current literature in outlining major trends of AI in Project Management.
Third, the conceptual building blocks of a research discipline intend to synthesize the topics
associated with the literature (Courtial et al., 1984). While the present literature addresses the need
to establish conceptual building blocks, it does so by qualitative methods and not quantitative
methods – a void this thesis intends to fill.
At this stage in the research, the following main research questions (RQ) are defined:
RQ 1: What is the intellectual structure of literature on Artificial Intelligence in Project
Management?
RQ 2: What are the current trends in this discipline?
RQ 3: What are the main building blocks in the discipline?

19

This thesis approaches these research questions by following research strategies and established
frameworks grounded in bibliometric analysis. In response to RQ 1, the technique of bibliometric
co-citation of research articles appears applicable. Co-Citation is the most used and validated
bibliometric technique. When used on research articles, it serves to cluster the knowledge base of
a research domain. Hence, it creates an intellectual structure by identifying and clustering the most
influential papers of the domain and mapping their relation (Small, 1999; Zupic & Čater, 2015).
Second, to answer RQ 2, the bibliographic-coupling technique was selected. This technique serves
to identify papers with related subject matters, which is helpful to identify and cluster trends in
research disciplines, also known as research fronts (Small, 1999; Zupic & Čater, 2015). Lastly, to
answer RQ 3, the bibliometric technique of keyword co-occurrence was selected. This technique
identifies the most relevant keywords of the research domain and thereby represents the conceptual
building blocks of the area (Nunes & Pereira, 2021; Zupic & Čater, 2015).
The outcome of this research benefits academics and practitioners. For academics, establishing the
intellectual structure of the research disciple facilitates researchers’ holistic understanding of the
scientific domain. A separate section is dedicated for practitioners, which outlines the process
improvements in the project management practice that benefit from AI. These are complemented
with practical implications for implementation, such as significant trade-offs and pitfalls in
choosing algorithms and data sources.
Furthermore, identifying emerging trends in the discipline provides academics with structured and
coordinated avenues to further develop research in the discipline. For practitioners, the discussion
on the underlying topics of emerging trends provides insights into the current limits of the
technology. Furthermore, currently simulated intelligent systems may provide opportunities for
companies to implement intelligent systems in practice.
Lastly, the benefits of the keyword co-occurrence are mainly academic. The mapping of the most
relevant keywords provides academics with an understanding of the cognitive structure of the
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research field. It also supports academics in indexing and searching relevant articles within the
field.

1.4

Structure of research paper

This thesis is structured as follows: The first section commences with a formal literature review
on the definition of AI, the technical fundaments of AI, challenges to AI, and practical business
examples thereof. The second section outlines the bibliometric methods' methodology. It depicts
the mapping of the research domain literature to a data frame.
The third section outlines the compilation of the bibliometric analysis by responding to the three
research questions. A discussion on the analysis is presented in section four. The discussion
addresses a comparison between the bibliometric analysis conducted, the literature review, and
practical implications. It is proceeded by research limitations and recommendations for future
research. Finally, the last sections of this thesis cover the conclusion, references, and the appendix.
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2

Literature Review

The contemporary perception of AI is polarized. On the one hand, academics foresee AI
outperforming humans in many fields of application within the next ten years (Grace et al., 2018).
Tech leaders such as Elon Musk and Bill Gates call AI a ‘threat to humanity’ (Helbing et al., 2019).
On the other hand, businesses and academics promote AI benefits such as productivity increase,
time and cost economization, human error reduction, and accuracy enhancement for consumer
consumption predictions (Capgemini, 2018; Gartner, 2019; Soni et al., 2018).
Despite the differences between social and business standpoints, researchers also perceive
vagueness in the definition and understanding of AI (Marr, 2016). This vagueness is partially due
to the subject’s broadness (Cubric, 2020) and natural complexity (Stanford, 2019). Hence, this
thesis commences with a literature review on the definition of AI, its technical building blocks,
contemporary challenges to AI adoption, and AI advancements across industry sectors. Given this
thesis' business and management orientation, the scope of this literature review takes an applied
perspective, exemplifies technologies with business use-cases, and describes technical and
technological specifications in lesser depth. Further, findings from the literature research frame
and conceptualize the chosen methodology of this thesis.

2.1

Definition of AI

In this thesis, Artificial Intelligence is defined as a computational agent that acts intelligently and
maximizes chances of success by perceiving the environment (Russell & Norvig, 2020). This
definition stems from the understanding that intelligence, in the human context, is the “ability to
learn, to deal with new situations, to understand and handle abstract concepts, and to use
knowledge to manipulate one’s environment” (Legg & Hutter, 2007; Sternberg, 2017).
In technology terms, this understanding of intelligence implies that an AI draws upon the selective
combination of processes, including perception, problem-solving, reasoning, learning,
memorizing, and acting to achieve goals. To achieve an ideal performance in these processes, AI
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maximizes computable probability. This approach to problem-solving can also be understood as
rational behavior (Russell & Norvig, 2020).
However, Rusell & Norvig’s definition of AI departs strongly from Mitchell (1997). The author
understands AI as a precisely enough designed machine to simulate general human-like
intelligence. Therefore, AI would not necessarily incorporate exclusively rational and goal-driven
behavior.
The definition of AI by Russell & Norvig (2020) also departs from Wang's (2019) definition of
AI. Wang understands intelligence as “the ability for an information processing system to adapt to
its environment with insufficient knowledge and resources.” Contrarily to Wang’s definition,
Russel & Norvig do not consider insufficient knowledge or resources in their definition. The
authors thereby ignore Wang’s understanding of intelligence, that it does not “exhaustively
evaluate all alternatives and pick the best,” but, for example, solve problems under given time
constraints (P. Wang, 2019).
In addition to the fundamental differences in defining Artificial Intelligence, this section addresses
the evolution of AI since its advent. Hence, this section provides a chronological view of the
technology’s development. AI emerged in the 1950s. In the 1980s, it branched into two subdomains, namely symbolic AI and sub-symbolic AI (Mitchell, 1997). Symbolic AI is the older of
both domains and was founded on the proposition to precisely enough design machines to simulate
general human-like intelligence (Mitchell, 1997), named artificial general intelligence (AGI).
AGI is intelligence that can learn any intellectual task humans can. This domain’s key
characteristic is that it can explain and reason its conclusions (Ilkou & Koutraki, 2020). Symbolic
AI approaches are divided into sub-domains such as cognitive simulation (formalizations of human
problem-solving skills), logic-based AI (abstract reasoning for problem-solving), and knowledgebased AI (expert systems subject to knowledge databases). Symbolic AI was the dominant research
paradigm until the 1980s (McCorduck, 2004).
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Sub-symbolic AI arose in the mid-1980s, motivated by the severe challenges that hindered
progress in symbolic AI. Unlike its sister domain, sub-symbolic AI does not attempt to achieve
complete, human-like intelligence but instead focuses on solving sub-problems of AGI such as,
for example, learning or communicating, thereby achieving more progress. Sub-symbolic AI has
two branches: computational intelligence and statistical AI.
On the one hand, computational intelligence, also known as soft computing, uses approaches such
as artificial neural networks (ANN), fuzzy logic (FL), and genetic algorithms (GA). Computational
intelligence aims at gaining approximate solutions that may not guarantee complete logic certainty
since they are motivated by biological and linguistic computation patterns. On the other hand,
statistical AI uses mathematical language and logic (Ilkou & Koutraki, 2020; Russell & Norvig,
2020). A significant downside of sub-symbolic AI is that solutions may not always be explainable.
To facilitate research on the field of AI, academics agreed upon a single paradigm under which AI
is studied, namely the ‘intelligent agent.’ Russell & Norvig (2020) define an intelligent agent as a
system that interprets its environment and takes actions that maximize its chances of success.’
Today, much research on intelligent agents uses combinations between symbolic and sub-symbolic
AI, named multi-agent systems. In multi-agent systems, hierarchical control systems build the
bridge between symbolic and sub-symbolic AI agents (Russell & Norvig, 2020).

2.2

Technical building blocks of intelligent agents

In a business context, the underlying success of AI is strongly dependent on the business’
understanding of the technology and the applicants’ consideration of the corporate environment in
which the technology is used (Davenport & Ronanki, 2018). For these reasons, this section outlines
the technical structure and fundamental objectives of different AI technologies and how they are
applied.
As outlined earlier, researchers of sub-symbolic AI broke down the long-term goal of creating AGI
into several sub-tasks. According to prominent academic and business literature, sub-tasks
encompass reasoning, learning and discovering, problem-solving, communicating, and perceiving
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(Contreras & Vehí, 2018; McCorduck, 2004; Nilsson, 1998; Paschen et al., 2020; Russell &
Norvig, 2009).
In this thesis, we adopt the view of Paschen et al., who separate AI into three technologies that
address the defined sub-tasks of AGI: Machine Learning, Natural Language Processing, and
Computer Vision (U. Paschen et al., 2020). Machine Learning systems can be used stand-alone.
The technology addresses the sub-tasks of Problem Solving, Reasoning and Learning, and
Discovering. Natural Language Processing and Computer Vision are Machine Learning-powered
intelligent systems that provide an interface for speech and text recognition and image and video
data processing. NLP and Computer Vision address the sub-tasks of communicating and
perceiving. This section describes each of the three technologies in detail and references individual
use-cases.

2.2.1

Machine Learning

Gaining knowledge is a crucial characteristic of AI (Contreras & Vehí, 2018). Machine learning
(ML) is the component of AI that learns from data to execute specific tasks. ML can be used standalone or embedded within other AI technologies. ML has recently received the lion’s share of AI
investment (McKinsey & Company, 2017b).
Three critical trends have supported the rise of ML and consequently advanced AI: (i) the diffusion
of big data, (ii) advancements in computer processing and storage power, (iii) progress in machine
learning techniques such as deep learning. In simple terms, deep learning algorithms are artificial
neural network-based algorithms that perform better in more complex tasks than regular ANN
algorithms but require more data and extended training (I. Lee & Shin, 2020).
Some researchers break ML down into two distinct fields of application, namely machine learning
and data mining. From some researchers’ perspectives, Machine Learning is the study of
algorithms that learn from known data (termed: learning algorithms)’. In contrast, data mining
discovers unknown properties in data (termed: discovery algorithms) (Russell & Norvig, 2009).
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Other researchers do not separate between the two (Domingos, 2012). Within the context of this
thesis, the learning from and the discovery of data algorithms are considered separate processes
defined as machine learning and data mining algorithms, respectively.
ML algorithms can be illustrated in the form of input-process-output (U. Paschen et al., 2020). The
data input, by which ML systems ‘learn,’ undergoes distinct learning approaches depending on the
chosen algorithms and data. The four learning approaches are (i) supervised learning, (ii)
unsupervised learning, (iii) reinforced learning, or (iv) semi-supervised learning. The differences
between supervised, semi-supervised, and unsupervised learnings are the degree of human support
and data knowledge required to teach an algorithm. Reinforced supervised learning differs from
supervised learning in that its method is somewhat of a trial and error nature (Russell & Norvig,
2009).
The objective of the learning is to balance an acceptable performance with a good generalization.
Excessive training of an algorithm causes overfitting, which renders the algorithm to cluster,
classify, or predict based on a learned set rather than on acquired knowledge (Wauters &
Vanhoucke, 2016). A more detailed description of the particularities of each learning approach is
found in Appendix A.
Further characterization of ML algorithms is made by distinguishing parametric from
nonparametric algorithms. Parametric algorithms assume a pre-defined statistical distribution of
the population and assume known functions in the learning process. Nonparametric algorithms do
not assume any distribution, nor do they assume any function during training. The advantages of
parametric algorithms are their simple mechanism, fewer data input requirements, and quicker
learning process. However, they suffer from limited capacity to process complex data. The
opposite is valid for nonparametric algorithms (Tayefeh Hashemi et al., 2020).
The process running in ML systems consists of three sequential technical components, namely (i)
the representation which defines the formal language in which data input is classified, (ii) the
evaluation function that distinguishes good from bad classifiers, and (iii) the optimization
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technique which chooses among the highest performing classifiers (the most optimized)
(Domingos, 2012). Table 2 provides an overview of prominent ML components. The following
paragraphs define some of the most relevant ML representation algorithms.
Table 2 - The three components of ML algorithms
Representation
Instances
K-nearest neighbor
Support vector machines
Hyperplanes
Naïve Bayes
Logistic Regression
Decision trees
Sets of rules
Propositional rules
Logic programs
Neural networks
Graphical models
Bayesian networks
Conditional random fields

Evaluation
Accuracy/error rate
Precision and recall
Squared error
Likelihood
Posterior probability
Information gain
K-L divergence
Cost/Utility
Margin

Optimization
Combinatorial optimization
Greedy search
Beam search
Branch-and-bound
Continuous optimization
Unconstrained
Gradient descent
Conjugate gradient
Quasi-Newton methods
Constrained
Linear programming
Quadratic programming

Source: Adapted from Domingos (2012). Elaborated by the author.
The K-nearest neighbor (KNN) is a nonparametric unsupervised algorithm that is most widely
applied for classification and prediction purposes. The algorithm relies on historical data to
recognize the nearest neighbors of a defined data point. Its primary advantage is its ease of
application, while it faces limitations when facing complex calculations and suffers memory
shortages (Wauters & Vanhoucke, 2017). The algorithm is not to be confused with the k-means
algorithm, a nonparametric supervised algorithm mainly applied for clustering purposes (Kifokeris
& Xenidis, 2018).
The support vector machine (SVM) is a supervised nonparametric algorithm. A SVM is applied
for problems dealing with regression and classification. The algorithm intends to minimize
misclassifications by optimizing the distance of hyperplanes and margins (Cortes & Vapnik,
1995). Hyperplanes, such as Naïve Bayes and logistic regression, are both supervised parametric
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algorithms. Where Naïve Bayes is used for binary and multiclass classifications, logistic
regressions models relationships between available features and continuous target variables for
prediction (Hu et al., 2013).
Decision trees are supervised algorithms that are primarily nonparametric. They are commonly
referred to as the acronym of classification and regression trees (CART). The algorithm applies a
repetitive splitting algorithm to divide a defined dataset into hierarchical rules on each tree node.
Rule-based systems divide into crisp rule-based and fuzzy rule-based systems. (Angelov, 2002).
Crisp rule-based systems encompass propositional and predicate logic. Fuzzy logic models human
decision-making under uncertainty, randomness, and incompleteness (Zadeh, 1965, 1975). Fuzzy
membership functions represent human knowledge under uncertainty and are standardized in a
range from 0 to one or can be substituted by linguistic terms. Fuzzy sets consist of multiple fuzzy
membership functions identified by dependent and independent parameters (Elmousalami, 2021).
Both rule-based systems intend to mimic human decision-making and are the simplest form of an
intelligent system. They also can use expert opinion or databases as input factors (Siddique &
Adeli, 2013).
Artificial Neural Networks are, technically, parametric models that run either supervised,
unsupervised, or reinforcement learning. Their significant advantage is to approximate nonlinear
functions. Their drawback is the computation transparency and outcome explainability. This
phenomenon is also called ‘black-box’ since the reasoning between input and output is not evident.
The ANN structure is inspired by the human neural system, running a network of perceptron input
and output neurons similar to those in electrical circuits with an output between zero and one.
Crucial parameters in ANNs are the number of neurons, the connections and transfer functions
between them, and the number of hidden layers. Hidden layers are functions that define weights
between the input and the output neuron (Hopfield, 1982; McCulloch & Pitts, 1943). Deep neural
networks (DNN) are an enhancement to ANNs as they contain a more significant number of hidden
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layers and are capable of higher dimension computation. In exchange for superior performance,
they require more extended training and more data input (Z. Wang et al., 2020).
Bayesian Networks (BN) are also referred to as Bayesian Belief Networks or Causal Networks.
They are predominantly applied for knowledge representation in circumstances of uncertainty (J.
Cheng et al., 2002) as they can visually represent probabilistic relationships of a set of defined
variables (Heckerman et al., 1995). BNs have both qualitative and quantitative components. The
former is termed structural learning, a graphical representation of the independence among
variables in the form of a directed acyclic graph. The latter is termed parameter learning. It
computes the variables’ dependence relations in terms of joint conditional probability distributions
and measures consequence relationships based on structural learning. Bayesian networks are
composed of nodes and arrows. The nodes represent probabilistic variables, while the arrows
represent the causal relationships between them (Khodakarami & Abdi, 2014).
Further, two additional types of machine learning methods appear noteworthy. While the methods
mentioned above are all Single algorithm representation models, research shows many hybrid and
ensemble formats of these Single algorithms. The main difference between hybrid and ensemble
methods is that in hybrids, combined algorithms follow a sequential order in processing. In
contrast, in ensemble methods, the combined algorithms run simultaneous and interrelated
computations (Elmousalami, 2020).
Hybrid Methods are often seen as combinations between FL and other Single algorithms. The
advantage of this hybridization is that FL enables input data to correspond to linguistic variables,
accounting for uncertainty in the data input modeling (Nasirzadeh et al., 2019). Ensemble methods
are mainly composed of Single algorithms and data mining techniques, creating multiple learning
algorithms for enhanced overall performance (Hansen & Salamon, 1990). Leading ensemble
methods are bagging, boosting, stacking, voting, and averaging (Opitz & Maclin, 1999). Ensemble
methods have proved resilient to noisy and incomplete data. However, they face the drawbacks of
increased complexity in computation and consequential low explainability of outputs
(Elmousalami, 2021).
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ML outputs predominantly take the form of data clusterings, classifications, or predictions (I. Lee
& Shin, 2020). Clustered outputs are data grouped into classes based on similarities. A prominent
business example for data clustering is Netflix, which used k-means algorithms to cluster customer
affinities into 1’000+ ‘taste communities.’ It then applied optimization methods to render
consumer recommendations more personalized (Najafabadi et al., 2017).
Classification identifies the class of new data and ‘classifies’ it accordingly. Unlike clustering, in
classification, the existing classes are known beforehand. Classification is often used by retailers
on customer profile data to increase frequency and accuracy in service offerings or decide on the
creditworthiness of loan applicants (I. Lee & Shin, 2020).
Prediction algorithms detect patterns in data and offer suggestions on future events. JP Morgan
uses prediction algorithms that calculate probabilities of investment outcomes and recommend
best-performing trades to traders. TD Bank optimizes portfolio volatility by anticipating forecasted
volatility on individual stocks to sell unfavorable holdings (I. Lee & Shin, 2020).

2.2.2

Computer Vision

Perceiving and acting upon perception is one of the fundamental sub-tasks that sub-symbolic AI
strives to achieve. Computer vision is the field of study tasked with making computers understand
from digital images and videos. Machine and deep learning algorithms power computer vision
(Khan & Al-Habsi, 2020). Recent trends that have brought about advances in computer vision are
(i) availability of labeled image and video datasets, (ii) increases in hardware computation power
and speed, and (iii) advances in deep learning such as convolutional neural networks, deep belief
networks, Restricted Boltzmann Machines, Autoencoders (Ponti et al., 2017) and generative
adversarial networks (Z. Wang et al., 2020).
Computer vision performs tasks such as object classification, detection, segmentation, and
prediction. The example of traffic predictions can explain these four tasks. First, the algorithm is
trained to classify objects such as cars, bikes, or pedestrians and is taught to detect and segment
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one from the other on images or videos. Tracking and counting algorithms combined with pattern
recognition algorithms then provide a forecasting tool for occupancy and traffic prediction (H.
Wang et al., 2018).
There exists a variety of business applications for computer vision, such as fault detection in
railway ties (Kulkarni, 2017), differentiation of fruit size and condition for quality inspection (Patel
et al., 2020), extraction of textual information from scanned documents (Esposito et al., 2000),
gesture and face recognition for forensic and security systems (White et al., 2015), or advanced
driver assistance (Huval et al., 2015).
Another sub-area of computer vision is image generation which encompasses capabilities such as
image-to-image translation and text-to-image generation (Qiao et al., 2019b). Applications for
image generation may cover photo editing and computer-aided design (Qiao et al., 2019a).

2.2.3

Natural language processing

Natural language processing (NLP) is the technology that mainly aims at tackling the sub-symbolic
AI task of communicating. NLP systems are linguistic-specific programs that understand and
generate statements and words in human language (Khurana et al., 2017). Fields of study related
to NLP are computer science, linguistics, psychology, and philosophy. NLP is subdivided into two
processes, namely Natural language understanding (NLU) and natural language generation (NLG).
NLU processes the interpretation of text or speech, and NLG outputs classification,
summarization, or responses to interpretations of text or speech (Khurana et al., 2017).
Significant areas of NLP are machine translation, text categorization, information extraction and
summarization, and dialogue systems. Machine translation processes the translation of words or
sentences from one language to another. Its principal objective is to maintain the phrases’ meaning.
Prominent examples are Google Translator and Deepl.com, powered by deep learning technology
(Khurana et al., 2017).
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Text categorization assigns large amounts of text data such as email, customer complaint tickets,
market data, or newswires to pre-defined categories or indexes. A prominent example of text
categorization is the email spam filter. Two of the most popular approaches to text categorization
are the Multivariate Bernoulli Naïve Bayes Classification and the Multinomial Naïve Bayes
Classification are (Singh et al., 2019).
Information extraction (IE) identifies phrases of relevance in text data. It seeks to extract structured
information out of unstructured text data. IE systems extract domains of words such as names,
places, or dates to provide meaning to the underlying data, build databases, or define categories.
IE systems are used in search engines to find information on websites as optimizers for directed
search (Khurana et al., 2017).
Summarization systems go beyond extracting information but aim to understand the underlying
emotional meaning of text data. They require either supervised or unsupervised learning methods
and depend on large quantities of learning data. Prominent summarization methods are Bayesian
Sentence-based Topic Model, Factorization with Given Bases, and Topic Aspect-Oriented
Summarization (Khurana et al., 2017).
Dialogue systems, also known as conversational AI, use text or speech to dialogue with humans.
On the one hand, the most prominent personal user dialogue systems count Windows’ Cortana,
Apple’s Siri, and Amazon’s Alexa. On the other hand, business dialogue systems such as chatbots
and virtual assistants are considered essential for process automation and user experience
enhancement. Examples count the enterprise resource system’s virtual assistant that recognizes
text or speech to execute everyday office tasks such as reservations, orders, or search activities.
Other examples count the virtual customer assistant that guides web page visitors through the
customer journey (Accenture, 2019).
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2.2.4

Information flow

An intelligent agents’ technical fundaments may differ across use cases. A more abstract view of
intelligent agents breaks down the flow of information into three steps of (i) data input, (ii) data
processing through an algorithm, and (iii) output decision based on the optimized algorithm result
(Canhoto & Clear, 2020).
Inputted data may come in the form of structured or unstructured data. Structured data is often
machine-produced, organized, and labeled data such as inventory figures, sales numbers, or
customer demographics. Companies store structured data in data warehouses. Unstructured data is
not standardized and is often produced by humans or IoT data stored in data lakes. Examples range
from social media tweets or posted pictures to speech messages (J. Paschen et al., 2019).
Data is then processed through ML algorithms, undergoing the desired learning approach by the
representation algorithm. The output decision depends on the chosen representation function,
evaluation, and optimization method. It also depends on how outputted data is embedded in
downstream organizational architecture. Examples may be the flagging of undesired content on a
social media platform, the automatic decline of a loan application, or the recommendation of a
product to a customer (Canhoto & Clear, 2020).

2.3

Challenges of AI

The philosophical issue of imitating human-like intelligence through machine simulation has been
addressed since the emergence of AI (McCorduck, 2004). Today, the scope of AI challenges has
expanded to cover seven topics: society, economics, data, organizational and managerial,
technology, implementation, political, legal and policy, and ethics (Dwivedi et al., 2021). This
section describes each challenge in detail. Table 3 provides a summary of the AI challenges at the
end of the section.
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Table 3 - Summary of AI Challenges
AI Challenge

Description
•

Societal

Erosion of jobs may increase divergence in social welfare; Challenge to cultural
norms

Economic

•

The financial burden from AI adoption pressure decreases the competitiveness of
smaller firms and lesser developed countries

•

Data

Low explainability of AI system outputs decreases transparency of the technology
and raises data privacy issues

Organizational

•

The financial burden and lack of human capacity slackens AI adoption

and managerial

•

Job insecurity decreases workforce morale

Technology

•

Algorithmic opacity raises the threat of biased AI interpretation when considering
human qualities such as cognitive flexibility and morale

Ethical

•

Programming bias may exhibit discriminatory decision-making

Legal and policy

•

Establish robust frameworks towards ethical governance, explainability and
interpretability, and ethical auditing of AI systems.

Source: Dwivedi et al. (2021). Table elaborated by the author.

2.3.1

Societal challenges

Societal challenges caused by AI reach from threatening social welfare to challenging cultural
norms. Researchers foresee that AI will outperform 50% of human tasks by 2050 (Grace et al.,
2018). The substantial erosion of jobs (Ford, 2013; Pueyo, 2018) could potentially cause increased
divergence in social welfare (Eubanks, 2018) since AI is to replace rather lower-paid repetitive
jobs (Huang et al., 2019). Then again, other researchers claim AI will create jobs where humans
will ‘climb up the value chain’ to the point where they complement AI (Jarrahi, 2018) or work on
AI implementation (Dwivedi et al., 2021).
In addition to the challenges caused by potential unemployment, some researchers predict the
exclusive interaction between machines and humans through automation and robotization to cause
mental disorders and other psychiatric issues (Ashrafian, 2017; Wright & Schultz, 2018).
Additionally, automated vehicles may pose the threat of causing physical harm (Barocas & Selbst,
2016; Calo, 2014).
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2.3.2

Economic challenges

AI's significant economic challenges to organizations and institutions address the required
investments for technology and changes in contemporary working practices. Studies in the
healthcare industry show that competitive pressures to adopt AI technology raise the financial
burden of companies so that prices are rolled off to consumers (Bughin et al., 2018). Also, Bughin
et al. (2018) analyze the potential for AI to widen the gap between developed and developing
economies where poorer nations lack the financial capital to compete in technological investment
and fall behind in competitiveness.

2.3.3

Data and technology challenge

The data challenge comprises the challenges of integrating AI with big data. Initially, AI systems
such as rule-based and expert systems were comprehensible and intuitive. Contemporary AI, such
as DNNs, that function on unstructured data, mainly render opaque decisions.
While the AI advancements made by cognitive computing would not have been made without big
data (Gupta et al., 2018), the lack of comprehension from AI outputs has raised the need for
transparency through so-called explainable AI (Preece et al., 2018). Moreover, Došilović et al.
(2018) state a trade-off between AI performance and transparency. Privacy is a further data
challenge since practitioners may lack knowledge of what data is inputted and stored in a model
(Harambam et al., 2018).
Furthermore, the technology’s capability to act by human judgment is questioned. Humans apply
discrete language and descriptive terminology in diverse fields of practice. Experts of the
discipline need hence to be trained in AI technology. Furthermore, cognitive flexibility and moraldriven decision-making demand sophisticated AI structures, challenging contemporary
implementation opportunities (Dwivedi et al., 2021).
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2.3.4

Organizational and managerial challenges

Organizations and managers acknowledge that success in AI adoption will be a defining aspect of
competitiveness in the coming decades. Dwivedi et al. (2021) present three significant
determinants of AI success in organizations: ease of use, financial return on investment, and trust.
Cubric (2020) confirms the significance of these challenges, complementing that social aspects
that drive workforce morale, such as safety and job security, are of increased importance.
Market studies such as those by Harvard Business Review exemplify academic views. Among the
most cited managerial challenges in adapting to AI were (i) integration of AI within existing
processes and systems, (ii) high cost of technology and expertise, (iii) lack of managerial
understanding, and (iv) availability of human capital (Davenport & Ronanki, 2018).

2.3.5

Ethical and legal challenges

Various aspects highlight the ethical criticality in AI. First, intelligent agents may exhibit
discrimination caused by biases in programming or data input. Second, many AI algorithms cannot
reason upon their outputs. Third, the long-term impacts of the technology are yet polarizing.
Hence, the current regulatory framework is advocated to swiftly adapt to current AI challenges
(Duan et al., 2019; Dwivedi et al., 2021). Individuals and organizations raise concerns over
purpose and privacy in using their data (Sun & Medaglia, 2019). Some advocates, such as Elon
Musk, advise strengthening the regulatory framework to preempt AI advancements ‘before it is
too late (The Guardian, 2017).
Cath (2018) divides the investigation of AI’s regulatory frameworks into three specific areas:
ethical governance, explainability and interpretability, and ethical auditing. Ethical governance
focuses on principles such as fairness, transparency, and privacy. It aims to build responses to
discriminations in public and private sector management of services, goods, and job losses.
Explainability and interpretability build on the principles of fairness, transparency, and
accountability in AI decision-making.
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Decisions made by AI shall be reasoned, especially if outcomes are to the direct detriment of
someone (for example, in the application for loans or during medical diagnosis). Ethical auditing
is concerned with the most complex systems of AI. It focuses on examining the inputs and outputs
of these systems for bias or harm.

2.4

AI across industry sectors

The extent to which AI is introduced across industry sectors shows certain discrepancies. This
section touches upon the current state of AI in governmental, corporate, and start-up sectors. Tobin
et al. (2020) reviewed recent regional AI strategies for the Americas, Europe, and Asia from a
governmental standpoint. In the Americas, the USA communicated its AI initiatives by 2016 with
an estimated budget of USD 1.2bn. By 2019, it set its federal budget to prioritize AI projects
focused on transportation, healthcare, workforce training, and military applications.
In 2017, China communicated its ambition to become the world leader in AI by 2030. Its
government funding amounted to USD 2bn in 2018 for an effective R&D program and an
additional USD 2.1 bn to construct a powerful AI technology in Beijing. Similarly, Japan
publicized its national AI strategy in 2017.
For Europe, the European Commission publicized a 2018 plan on AI research funding of EUR
1.5bn across the region and expected EUR 2.5 bn from ‘public and private partnerships.’ While
the European Commission seeks to unify AI frameworks across the region, several member states
have publicized national AI strategies or formed regional collaborations, such as the Nordic and
Baltic states.
From an entrepreneurial standpoint, Soni et al. (2020) categorized 100 AI start-ups across the globe
by lines of business across a period of six years. Top-ranked lines of business in 2018 were those
of Cybersecurity, Cross-industry, Enterprise AI, Healthcare, and Robotics. The study covered 22
industries. A comparison between 2017 and 2018 numbers is provided in Appendix B.
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From an organizational point of view, a 2017 study conducted by McKinsey & Company reveals
differences in AI technology adoption across industries. Tech-savvy industries lead the adoption.
The highest-ranking industries are telecommunications, high tech, and energy and resources. At
the same time, slow adopters cover professional services, construction, and travel and tourism. The
detailed scale is found in Appendix C.
Likewise, the Project Management Institute forecasts increasing demand for Project Management
professionals. The top seven industries where Project Management is to experience considerable
growth are Health Care, Manufacturing and Construction, Information Services, Financial
Services, Management Services, Utilities, and Oil and Gas (PMI, 2017b).
Conversely, while there appears to be an increase in Project Management activity across industries,
some authors perceive that AI in Project Management has been somewhat slower in adapting
(Davahli, 2020; Munir, 2019). Such slower adaption may be a reason why project-heavy industries
such as Manufacturing and Construction are listed as AI laggards (McKinsey & Company, 2018).
Still, the continuously increasing accumulation of data in Project Management is expected to
catalyze the benefits of AI in Project Management (Ong & Uddin, 2020), underlining the need for
this study.
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3

Methodology

The quantitative approach of the bibliometric research is proposed to respond to the three research
questions outlined in the introduction section. Bibliometric research methods benefit this study as
they measure the performance of literature in the given discipline and map scientific papers in a
quantitative and structured manner (Cobo et al., 2011; Zupic & Cater, 2015). This information is
valuable when researching a specific research domain, such as Artificial Intelligence in Project
Management.
As this study performs a complete scientific mapping of AI in Project Management, the scientific
mapping workflow by Zupic & Čater (2015) was adopted. As outlined in Figure 1, the first step of
the scientific mapping workflow covers the research design, outlining the bibliometric methods
proposed in response to the research questions. The second step considers the compilation of
bibliometric data. The third and last step considers analyzing, visualizing, and interpreting the
results through the selected bibliometric software.
Figure 1 - Scientific mapping workflow

Research design

Compilation of
bibliometric data

Analysis,
Visualization, and
interpretation

Source: Figure Adapted from Zupic & Čater (2015)

3.1

Research design

Three bibliometric methods are proposed to construct the scientific mapping of the research
discipline and thereby respond to the defined research questions. Table 4 outlines the respective
bibliometric methods used for each RQ.
According to Small (1973), the bibliometric co-citation method assesses the frequency of two
papers cited together. This method assumes that a paper cited by several authors of the same
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research domain is relevant to the indicated field of study (Zupic & Čater, 2015). Since older
papers have a higher chance of being frequently cited in a data set, the assessment through cocitation reflects a measure of the underlying intellectual knowledge base of the research area
(Boyack & Klavans, 2010). Hence, we use co-citation to respond to the first research question to
construct the intellectual structure of the discipline.
Table 4 - Proposed bibliometric methods to Research Questions2
Research Question

Bibliometric Method

RQ1: What is the intellectual structure of literature on

Co-citation Analysis

Artificial Intelligence in Project Management?
RQ2: What are the current trends in this discipline?

Bibliographic Coupling

RQ3: What are the main building blocks in the discipline?

Co-word analysis

Bibliographic coupling links papers that reference the same set of cited papers to measure similarity
between them. Hence, the more the references of the two papers overlap, the stronger their connection.

Bibliographic coupling is applied to graph recent scientific papers in a research discipline by their
level of influence (Boyack & Klavans, 2010; Zupic & Čater, 2015). Since bibliographic-coupling
identifies similarities among emerging literature, we can identify current trends in the research
discipline and respond to RQ 2. Figure 2 provides a graphical explanation of how co-citation and
bibliographic coupling distinguish from each other.
The third bibliometric method applied in this thesis is keyword co-occurrence. Co-occurrence
analysis establishes a conceptual structure of the words used in the data set of a research discipline
(Callon et al., 1983). The underlying rationale is that when words frequently co-occur across
related papers, the concepts behind these words must be strongly associated (Zupic & Čater, 2015).
The method thereby constructs a network of themes to help understand the cognitive structure of

2

This table maps the defined Bibliometric Method to each posed Research Question
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the research field. This cognitive structure is referred to as the building blocks of the research
discipline (Boyack & Klavans, 2010). Hence the method appears suitable to address RQ 3.
Figure 2 - Co-citation vs. bibliographic coupling

Source: Zupic & Čater, (2015)

3.2

Compilation of bibliometric data

For the compilation of the bibliometric study, Zupic & Čater (2015) define three steps. The first
step addresses the selection of the academic database for compiling the scientific research data.
The second step covers the definition of the keywords to conduct the mapping of the data search.
The third step addresses filtering the data set by defined inclusion and exclusion criteria.

3.2.1

Selection of academic database

The compilation of the scientific research data is performed using the search engines provided by
the academic research databases Web of Science and Scopus (Zupic & Čater, 2015). While it is
more commonly seen that researchers perform bibliometric studies with only one database, the
merging of two databases may yield a broader coverage in the research field since it compensates
for the downsides of only using each database individually (Echchakoui, 2020).
Web of Science (WoS) is the most used source for bibliometric studies and uses the Social Science
Citation Index (SSCI). While the SSCI is the most used citation index, the scope of the journals
covered may be limited to those with an official impact factor, which prevents recent publications
from being cited (Zupic & Čater, 2015). Given the scope of this bibliographic analysis, it is crucial
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to incorporate the most recent publications within the bibliometric data set. To compensate for the
downsides of the SSCI, covering the Scopus database in the bibliometric study proves valuable.
According to Zupic & Čater (2015), Scopus holds a broader coverage of bibliometric data than
WoS.
Both databases have been used separately or in combination for bibliometric analysis by strategy
and organization scholars. Examples of usage of WoS are research on operations management
(Fosso Wamba, 2020) and humanitarian operations (Nunes & Pereira, 2021). Scopus' usage
includes research on supply chain management and big data (Mishra et al., 2018) and operations
management (Ferreira & Santos, 2021). Examples of research where both WoS and Scopus were
merged are given by Echchakoui (2020).

3.2.2

Definition of keywords

To compile the scientific research data for the bibliometric study, selected keywords are defined
as strings and processed in the database search engines WoS and Scopus. In this process, the
definition of exact keywords is essential to embrace the entire research domain.
For this thesis, two strings are defined. String 1 uses terms associated with Artificial Intelligence,
and String 2 uses terms associated with Project Management. The two strings are linked by an
‘AND’ boolean to assure coverage of scientific research data associated with AI in Project
Management. Table 5 outlines the keywords of String 1 and String 2 for the advanced bibliographic
database search in both WoS and Scopus.
The choice of keywords stems from the literature review conducted in this thesis. Keywords used
for String 1 cover the technical building blocks of Artificial Intelligence, namely Machine
Learning, Natural Language Processing, and Computer Vision. Additional keywords were chosen
to capture the broad array of Representation Algorithms used in Machine Learning defined by
Domingos (2012). These representation algorithms are listed in Table 2 and defined in the
Literature Review section of this thesis.
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Table 5 - Keywords and syntax used in WoS and Scopus3
Keywords
String 1 (Artificial Intelligence):

String 2 (Project Management):

Artificial Intelligence / AI

Project Management

Intelligent agent

Project integration

Machine Learning / ML

Project scope

Deep learning

Project schedule

Natural language

Project cost

Neural Network

Project quality

Fuzzy System

Project resource

Random Forest

Project communication

K-Means / KNN / K-NN / nearest neighbor

Project risk

Bayesian Model / Bayes

Project procurement

Logistic regression

Project stakeholder

Computer vision
Syntax used for search in WoS (search performed on 25/05/2021)
TS=(‘Artificial Intelligence’ OR ‘AI’ OR ‘intelligent agent’ OR ‘machine learning’ OR ‘ML’ OR
‘neural network’ OR ‘fuzzy logic’ OR ‘fuzzy system’ OR ‘k-means’ OR ‘KNN’ OR ‘K-NN’ OR
‘nearest neighbor’ OR ‘nearest neighbor’ OR ‘bayesian’ OR ‘bayes’ OR ‘logistic regression’ OR
‘vector machines’ OR ‘fuzzy system’ OR ‘random forest’ OR ‘deep learning’ OR ‘natural language’
OR ‘computer vision’) AND TS=(‘Project Management’ OR ‘project integration’ OR ‘project
scope’ OR ‘project schedule’ OR ‘project cost’ OR ‘project quality’ OR ‘project resource’ OR
‘project communications’ OR ‘project risk’ OR ‘project procurement’ OR ‘project stakeholder’)
Syntax used for search in Scopus (search performed on 25/05/2021)
TITLE-ABS({Artificial Intelligence} OR {AI} OR {intelligent agent} OR {machine learning} OR
{ML} OR {neural network} OR {fuzzy logic} OR {fuzzy system} OR {k-means} OR {KNN} OR
{K-NN} OR {nearest neighbor}OR {bayesian} OR {bayes} OR {logistic regression} OR {vector
machines} OR {fuzzy system} OR {random forest} OR {deep learning} OR {natural language} OR
{computer vision}) AND TITLE-ABS({Project Management} OR {project integration} OR
{project scope} OR {project schedule} OR {project cost} OR {project quality} OR {project
resource} OR {project communications} OR {project risk} OR {project procurement} OR {project
stakeholder})

3

This Table lists the Keywords in Syntax for the scientific database search in Web of Science and Scope.
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Furthermore, keywords from String 2 cover different tasks of the Project Management profession.
It appears suitable to define these tasks in accordance with the Project Management knowledge
areas outlined in the PMBOK (PMI, 2017a) since these are officially recognized by the ISO 21500
and ANSI/IEEE (ISO, 2012, as cited in Auth & Jokisch, 2019).
The large number of keywords used in both strings is justified to reach an acceptable sample size
of papers to perform the bibliometric analysis. According to Rogers et al. (2020), a bibliometric
analysis should be supported by a minimum sample size of 200 papers, while approximately 1’000
papers are advised. To evidence this justification, search results using more limited strings were
compared with those presented in Table 5.
The keywords used for the search with more restricted strings, coeteris paribus, were ‘Artificial
Intelligence’ for String 1 and ‘Project Management’ for String 2. This search yielded a total of
only 62 unique articles across both the WoS and Scopus, which does not prove sufficient to
conduct a bibliometric analysis.
Consequently, a broader range of keywords was defined. The selected keywords are listed in Table
5. This search yielded 883 papers from WoS and 1’131 papers in Scopus, amounting to a merged
total of 672 unique articles across both databases, ignoring any inclusion and exclusion criteria.
While this samples size does not reach the 1’000-paper mark outlined by Rogers et al. (2020), it
provides an acceptable size for the research discipline given its comparable size to other
bibliometric studies, such as Fosso Wamba (2020) or Ferreira & Santos (2021).

3.2.3

Study inclusion and exclusion criteria

This section covers the study inclusion and exclusion process, which filters extracted scientific
research data before analyzing it in bibliometric software. This step is essential, as raw data
extracted from academic databases may contain research unassociated with the domain.
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Table 6 outlines the inclusion and exclusion criteria by which extracted research data were filtered.
While filter criteria such as ‘publication type’ and ‘language criteria’ were used, ‘ publication date’
was excluded since this thesis aims to present a holistic and longitudinal study of AI in Project
Management. As AI found its origins in 1950 (Mitchell, 1997), using an extensive selection period
seems justified.
Table 6 - Inclusion criteria for the database filtering process4
Inclusion Criteria

Exclusion Criteria

#1 Publication type is journal article or review

#1 Papers not explicitly related to AI but

article

technology in general

#2 English as publication language

#2 AI-technology reviews that do not pertain to
the Project Management domain

#3 Studies published from the year 2017 on (only

#3 Duplicated search outputs and overlaps

applicable to Bibliographic coupling)

between defined database searches

Source: Table elaborated by the author.
Figure 3 outlines the process of applying the inclusion and exclusion criteria to compile the study
database. The process comprises five steps, where steps 1 – 3 are performed on the study base
extracted from WoS (1a – 3a) and Scopus (1b – 3b), and step 4-5 are performed on a consolidated
study base.
In step 1, the search strings from Table 5 were submitted to the WoS and Scopus search Engines.
The two searches returned 883 papers in WoS and 1’131 in Scopus. In step 2, document inclusion
criteria #1 and #2 were applied to the search output from step 1. Step 2 filters the database for
articles with publication type ‘journal article’ and ‘Review’ and publication language ‘English.’
After step 2, 479 papers remained in the WoS and 458 papers in the Scopus database.

4

This Table lists the Inclusion and Exclusion Criteria applicable to filter the bibliographic database.
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Figure 3 - Database compilation by filtering process5

Source: Figure elaborated by the author.
In step 3, the abstracts of the remaining scientific articles were read, excluding those unrelated to
the research domain. For this screening, articles were excluded that either (i) mention AI
technology in a general or secondary manner or (ii) address the domain of Project Management in
a general or secondary manner.
The screening outputted a database consisting of 320 articles from WoS and 317 from Scopus. It
is important to note that there were overlaps between the databases of WoS and Scopus during the

5

This Figure presents the database search results from Web of Science and Scopus for each step in the filtering process

46

screening. Consequently, by excluding a paper in one database, it would also be excluded in the
other.
In step 4, the two databases were merged. Following exclusion criteria #3, remaining overlaps
between the two databases were filtered out and excluded. The process of merging the databases
was processed in R Studio. R Studio is an integrated development environment based on the
programming language ‘R.’ It is used for statistical computation and visualization.
To input the bibliometric datasets from WoS and Scopus into R Studio, WoS data was extracted
in the file format ‘Plain Text’ (.txt) and Scopus data as ‘BibTex’ (.bib). The programming code
used to merge both bibliometric datasets is available in Appendix D. By merging the two databases
in R Studio, 170 papers were excluded. The total number of unique articles used for the
bibliometric study was henceforth 467 papers.
Step 5 complies with inclusion criteria #4 to only encompass papers post-2017, being papers
relevant for the bibliometric-coupling analysis. The year 2017 was chosen as a cut-off date since
Zupic and Cater (2015) recommend a maximum time horizon of five years for the ideal use of a
bibliographic coupling analysis. Hence, the total amount of papers applicable for the bibliometriccoupling analysis is 185 papers.
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4

Results

This section addresses the third stage of Zupic & Čater’s (2015) scientific mapping workflow,
covering the sub-stages of analysis, visualization, and interpretation of bibliographic data.
Therefore, the outcome of the third stage presents the results of the bibliometric methods CoCitation, Bibliographic Coupling, and Co-word analysis.
The sub-stage of bibliometric analysis covers statistical evaluation methods such as descriptive
analysis or advanced computation of network structures. The sub-stage of visualization covers
techniques that render graphic displays of network structures and clusters (Aria & Cuccurullo,
2017). Finally, interpretation methods structure the description of findings derived from the
analyzed and visualized data (Zupic & Čater, 2015).
For the sub-stages of analysis and visualization, the software tool Bibliometrix is deemed the most
suitable instrument. Bibliometrix is an integrated open-source software tool programmed in the RStudio environment. The tool executes a comprehensive and complete scientific mapping
workflow for bibliometric studies (Aria & Cuccurullo, 2017).
Bibliometrix’s integrated workflow begins at the integration stage with academic search engines.
The software supports bibliometric data files from different search engines, such as text files (.txt)
from the WoS database and BibTex files from Scopus. Bibliometrix then converts each academic
article of the bibliometric data set into a standardized arrangement of document attributes.
Document attributes are tagged items associated with particular information of the underlying
document (e.g., author, publication journal, citations). The arrangement of document attributes is
referred to as bibliographic data frames (Aria & Cuccurullo, 2017). Appendix E illustrates the data
composed in a Bibliometrix data frame.
Bibliometrix also covers the analyses stage of the scientific mapping workflow. It performs both
descriptive analysis or advanced network structure computation of bibliographic data. The
descriptive analysis measures simple syntax derived from the document attributes of each
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academic article. Typically, such descriptive analysis renders insights on sample characteristics
such as ‘most cited papers,’ ‘most productive countries’, or ‘most frequent journals’ (Aria &
Cuccurullo, 2017).
To compute network structures for a specific attribute (e.g., cited references for co-citation
analysis), Bibliometrix first computes the number of co-occurrences between two documents for
a specific attribute. For this computation, Bibliometrix maps scientific documents together with
the attribute items in a rectangular binary matrix. The rows represent the local scientific articles,
and the columns represent all items of the respective attribute that appear within the listed
documents. The software labels these Document x Attribute matrices as ‘A’ (Aria & Cuccurullo,
2017).
To compute a co-occurrence for the attribute in scope, the generic element axy outputs ‘1’ if the
scientific document contains the item and ‘0’ if not. To compute totals, the y-th column sum a+y is
the number of documents containing the item y. The x-th row sum ax+ is the number of elements
appearing in document x (Aria & Cuccurullo, 2017). Then, the co-occurrence element bij, for the
document i and j, is computed by the number of attribute items between the two documents. Table
7 illustrates this computation for the three co-occurrence computations: co-citation analysis,
bibliographic coupling, and co-word analysis.
After that, Bibliometrix computes direct similarity measures to normalize the co-occurrence
computation using the similarity measure Association Strength (Aria & Cuccurullo, 2017).
Equation 1 illustrates the association strength equation, which is ‘the ratio between the observed
and expected strength under the assumption of probabilistic independence’ (van Eck et al., 2010).

(1)
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In this equation, bij is the number of co-occurrences existing between document i and j; bii is the
number of local citations by the reference y; bjj is the number of local citations by reference j (Aria
& Cuccurullo, 2017).
Table 7 - Computation of bibliometric methods in Bibliometrix6
Method

Description (attribute example of Cited Reference)

Co-Citation

A is a Document x Cited Reference matrix. The element bij indicates the sum of
co-citations existent between article i and j. The main diagonal of Bcocit contains
the number of documents where a reference is cited in our data frame.

Bibliographic Coupling

A is a Document × Cited Reference matrix. Element bij indicates how many
bibliographic couplings exist between documents i and j. The strength of the
bibliographic coupling between two articles, i and j, is defined by the references
the articles share, given by the element bij of matrix Bcoup.

Co-Word Analysis

A is a Document × Word matrix, where Word is, alternatively, authors’
keywords, keywords plus, or terms extracted from titles or abstracts. Element bij
indicates how many co-occurrences exist between words i and j. The diagonal
element bii is the number of documents containing the Word i.

Source: Table adapted from Aria & Cuccurullo (2017) and elaborated by the author.
For graphical visualization, Bibliometrix can map network structures through the function
networkPlot (Aria & Cuccurullo, 2017). The underlying software for the networkPlot comes from
the bibliometric software VOSviewer (Rdocumentation, n.d.). VOSviewer applies the VOS
technique to locate items on a map as outlined in Equations 2 and 3 (van Eck et al., 2010).

(2)

6

This Table defines the computation of the bibliometric methods Co-Citation, Bibliographic Coupling, and Co-Word
Analysis.
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(3)

Thus, the VOS technique minimizes the weighted sum of squared distances between all pairs of
elements. The square of the distance between a pair of elements is weighted by the measure of
similarity between them, according to Eq. (2). To avoid trivial solutions, in which all elements
occupy the same location, a restriction was imposed on Eq. (2), for which the average distance
between two points must be equal to one (van Eck et al., 2010).

4.1

Co-citation analysis

To answer the first research question, the merged WoS/ Scopus database was first loaded into
Bibliometrix’s web-based software. Second, under the tab ‘Intellectual-Structure,’ the analysis
type ‘Co-citation Network’ was selected. Lastly, under the tab ‘Network parameter,’ the unit of
analysis was set to ‘paper,’ indicating the analysis of cited references. It is vital to reduce the
number of elements to make a co-citation analysis since it assures the ineluctability and
visualization of the network (Nunes & Pereira, 2021). Hence, in this study, the references in the
co-citation network were reduced to 40 elements.
The co-citation network in Figure 4 illustrates the intellectual structure of the literature domain of
AI in Project Management. Following Zupic & Čater (2015), the network comprises the most
influential papers that serve as a knowledge basis for the research domain. In this network, the size
and position of each article label indicate its relative importance in the context of the database
assessed. Bibliometrix measures relative importance through centrality measures, containing three
significant measures: betweenness, closeness, and page rank (Aria & Cuccurullo, 2017).
Closeness measures the geodesic distance between a vertex and all others in the network.
Betweenness measures the number of shortest paths passing through a vertex (Ding et al., 2009).
Page rank is the web information retrieval index and measures website importance by the number
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of websites that link to it (Brin & Page, 1998). Page rank has evolved as a metric to measure the
network relationship of scientific articles in co-citation analysis (Perra & Fortunato, 2008). Page
Rank is a comprehensive and encompassing measure correlated to the total number of citations. It
qualifies as a stand-alone measure to assess cluster articles in the local environment (Ding et al.,
2009).
Figure 4 - Co-Citation network of literature on AI in Project Management7

Source: Figure elaborated by author.
Through the limitation of the network to 40 elements, Zupic & Čater’s (2015) demand for
influential papers seems givens. Table 8 outlines insights from the descriptive analysis of the

7

This Figure presents the Co-Citation Network, containing 40 articles on the research domain AI in Project
Management.
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network articles, revealing the underlying papers’ degree of importance both outside the network
(citations) and inside the network (page-rank).
Table 8 - Descriptive analysis of Co-citation network 8
Total-Citations

Page-Rank

Mean

6’892

0.025

Median

172

0.024

Min

40

0.010

Max

99’234

0.041

Source: Table elaborated by the author.
On the one hand, the analysis of total citations and the comparison of mean and mode show that
the network comprises several outliers with a high degree of total citations. Indeed, there are six
articles for above 10’000 total citations. On the flip side, only two articles are below 100 citations,
highlighting the academic relevance of the network components.
On the other hand, the assessment of the page-ranks indicates a strong relevance of the network
papers for the knowledge base. Comparative studies using page ranks reveal that high page ranks
level between 0.010 and 0.035 (Ding et al., 2009). With a mean of 0.025 and mode of 0.024, the
co-citation networks appear to level in the upper half of these thresholds.
Figure 4 shows that the intellectual structure of the research domain has three clusters: the green,
the red, and the blue cluster. Each cluster was studied with descriptive and content analysis to gain
a deep understanding of the network.
On the one hand, the descriptive analysis aims to provide a quantitative understanding of the cluster
characteristics. Similar approaches have been used in comparable bibliometric studies, such as in

8

This Table presents sample characteristics of the Co-Citation Network, including Total-Citation numbers and PageRank. Total-Citation numbers are drawn from Google Scholar on June 14, 2021. Page-Rank figures are drawn from
the Co-Citation analysis conducted by the Author.
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Nunes & Pereira (2021) and Fosso Wamba (2020). The two descriptive analyses chosen are (i)
most-used publication journals and (ii) PR-Index vs. citation comparison. The former provides
insights into the research domain of the cluster’s articles. In contrast, the latter ranks cluster articles
by their degree of importance within each cluster.
Citation numbers for each article are sourced from Google Scholar. This source appears most
suitable since articles in the Bibliographic database stem from two separate academic search
engines: Web of Science and Scopus. Given that some papers of the bibliographic database are
exclusively available on one of the two databases, it becomes difficult to choose either Web of
Science or Scopus as a reference source for citation numbers. Given that Google Scholar contains
figures for all research papers in the bibliographic database, it appears a suitable source.
On the other hand, the content analysis follows the research technique guidelines of Mayring
(2014), whereby an inductive category development approach was adopted. This approach appears
suitable, as similar content analyses have been performed for bibliometric studies by Nunes &
Pereira (2021) and Fosso Wamba (2020).
By reading through each article present in a bibliographic network, patterns of conversation focus
are inducted from the text and structured to abstract topic categories. The definition of topics is
done for each cluster separately.
For a more structured induction of patterns, criteria derived from the theoretical background were
defined, determining the aspects of textual material considered. Hence, pattern deduction was
conducted through the lens of (i) Project Management Knowledge groups, (ii) purposes of
intelligent agents, (iii) obstacles to application. Orienting the inductive procedure by PM
Knowledge groups provides insights on the project management scope engrained in each article.
By assessing the purpose of the intelligent agents discussed and the significant obstacles to
applying them, the contribution of AI to the respective PM knowledge group is addressed, and
present limitations are respected
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After having assembled an array of topics with a sufficient level of abstraction, each article is
labeled by the topics it covers. Finally, the topics are synthesized to a central theme that holistically
defines the cluster. Thereby the knowledge base of each of the three clusters is described. This
inductive approach is supported by an assessment of the most frequent keywords of each cluster.
Similar content analyses have been performed for bibliometric studies by Nunes & Pereira (2021)
and Fosso Wamba (2020). For this analysis, the articles contained in the co-citation network were
downloaded and read.
Given the importance of algorithms to the research domain, the usage of different algorithm types
is measured for each cluster. The algorithm types were defined based on the literature review,
covering eleven algorithm types: Regressions, Bayesian Networks, Neural Networks, Deep Neural
Networks, Case-Based Reasoning, Fuzzy Logic Rule-Based Systems, Crisp Rule-Based Systems,
Support Vector Machines, Classification and Regression Trees, Hybrid Methods, and Ensemble
Methods.
Lastly, each article was categorized by its predominant methodologic approach. The categories for
the methodologic approach are either: conceptual (discussion of new concepts), analytical
(mathematical modeling and simulation), empirical (observation, collection, and evaluation of
data), or applied (case studies, opinions, interviews). This format has been used in similar
bibliometric studies and literature reviews, such as Nunes & Pereira (2021).

4.1.1

Red cluster

The red cluster contains 11 articles. As shown in Table 9, most sources in the red cluster stem from
highly recognized journals of the software engineering domain. 50% of the papers were published
in IEEE, another 17% in Information and Software Technology.
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Table 9 - Red cluster sources9
Sources
IEEE Transactions on Software Engineering
Information and Software Technology
International Journal of Project Management
Decision Support Systems
Journal of Systems and Software

Count
6
2
1
1
1

Percentage
50%
17%
8%
8%
8%

Source: Table elaborated by the author.

Table 10 addresses the importance of the red cluster articles, comparing page rank for the internal
environment with total citations as a measure for the external environment. It becomes apparent
that Boehm’s 1983 article on Software Engineering Economics is both the most influential article
in the network and the external environment.
Table 10 - Red cluster articles and importance ranking 10
Cited Reference
Boehm, 1983
Srinivasan & Fisher, 1995
Albrecht & Gaffney, 1983
Finnie et al., 1997
Heiat, 2002
Shepperd & Schofield, 1997
Putnam, 1978
Gray & MacDonell, 1997
Jørgensen & Sjøberg, 2004
Shepperd & Kadoda, 2001
Foss et al., 2003

PR-Index
0.037387533
0.031410084
0.031292415
0.031231531
0.031047826
0.03078195
0.030757259
0.030159861
0.023721601
0.023492121
0.0234508

Total-Citations
10808
648
2190
390
251
1277
1288
282
155
317
521

Source: Table elaborated by the author.
Notably, Srinivasan & Fisher’s 1995 paper on Machine learning approaches to estimating
software development effort counts considerably fewer total citations than Boehm’s paper.

9

This table lists the Journals pertinent to articles of the Red cluster.
This Table lists the research articles of the red cluster in order of PR-Index. PR-Index according to Bibliometric
Co-Citation Analysis. Total-Citations, according to Google Scholar, on June 14, 2021
10
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Nevertheless, it ranks as the second-most important article to the cluster in terms of PR-Index.
With a minimum of 150 citations per paper, the articles show a significant number of total citations.
This underscores the importance of the red cluster for the knowledge base of AI in Project
Management.
In addition to the descriptive analysis, the content analysis surfaces the notion that the red cluster
articles are technical and focus on quantitative measurement techniques for software development
effort. The discussions in the articles mainly address the process of modeling and applying diverse
statistical measurement techniques to generate the best-performing forecasts on development
effort. Such a notion can be derived from the main topics of the red cluster.
The five main topics emerge as patterns through reading and coding the cluster articles. These five
are software Project Management, system sizing, effort estimation, estimation accuracy
evaluation, and data limitations. Table 11 defines the five main topics of the red cluster. It appears
crucial to highlight that the articles in the red cluster focus on software Project Management. The
evaluation matrix of the content analysis, together with details on the most frequent keywords of
the cluster, is found in Appendix F.

Based on the five main topics, three significant discussions are of relevancy to the red cluster. The
first addresses, in particular, the main topic of system sizing, where authors discuss the pros and
cons of different models for software effort sizing. Authors mainly compare different established
methods of software sizing: sizing through expert opinion (i.e., PERT or Delphi technique), sizing
by analogy (Boehm, 1983); sizing with parametric methods such as lines of code (LOC) or function
point analysis (FP) (Boehm, 1983; Finnie et al., 1997; Putnam, 1978).
Complementary to the software sizing method, the principal discussion in the red cluster resolves
around how to determine development effort. Authors are indecisive about the most suitable
algorithms to estimate development effort. Such estimation models express effort in terms of labor
hours of coding and use the system sizing data described earlier as function input.
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Table 11 - Main topic definition for red cluster11
Main topic

Definition

Software Project Management

Discipline of planning and leading software development projects

System sizing

Measurement metrics to determine the size of a software application

Effort Estimation

The process and technique of predicting the effort required to develop
a software application.

Estimation accuracy evaluation

Evaluation criterion to compare the accuracy performance of
estimation techniques

Data limitations

Insufficient and irregular data input

Source: Table elaborated by the author.
Figure 5 provides the different algorithms proposed in the red cluster articles. Regression
algorithms were the most prominently discussed next to Neural Networks, Case-Based Reasoning,
and Classification and Regression Trees. Regression models typically underperform in terms of
estimation accuracy compared with sophisticated models and were tendentially used for
benchmarking (Finnie et al., 1997; Heiat, 2002; Shepperd & Schofield, 1997; Srinivasan & Fisher,
1995).
Apart from mere estimation accuracy, Boehm (1983) and Srinivasan & Fisher (1995) claim that
scattered and insufficient data input is a significant hurdle to accurate software development effort
estimation. This claim appears reasonable as effort estimations are predominantly run in the
project's conceptual stage when data is often scarce (Finnie et al., 1997).
Shepperd & Schofield (1997) claim that each model’s suitability is dependent on the available
data. This appears reasonable since regressions and CARTs deviate considerably when using
unfavorable input data. Comparatively, ANNs, for example, can capture parameters influencing

11

This Table lists the patterns of conversation focus of the red cluster as main topics.
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effort despite data sets being prone to noise and outliers (Finnie et al., 1997). CBRs perform even
better when data input is scarce (Shepperd & Schofield, 1997).
Figure 5 - Algorithm occurrence by type in the red cluster12
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Source: Table elaborated by author.
Additionally, Gray & MacDonell (1997) rank explainability as highly important to a model’s
success. Here ANN’s are criticized for their ‘black box’ character. At the same time, FL Rulebased and Crisp Rule-based systems are preferable for intuitive usability (Gray & MacDonell,
1997). The reusability of the models is discussed where ANN’s are at a disadvantage against CBR
models since ANNs require continuous retraining upon newly inputted project data. In contrast,
CBR models can be updated easily with new project data (Finnie et al., 1997).
The third discussion related to the five main topics concerns the most suited method of empirical
evaluation of estimation accuracy. In this context, Foss et al. (2003) assess the mean magnitude of
relative error’s (MMRE) performance against competing evaluation criteria. The authors criticize
the metric’s dominant status and recommend questioning each estimation model's underlying data
quality and nature.

12

This Figure presents the number each type of algorithm occurred in articles of the red cluster.
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In addition to the content analysis, Table 12 outlines the predominant methodologic approach of
the red cluster articles. Notably, the three conceptual papers are simultaneously the oldest,
providing the conceptual foundation for the cluster. Putnam (1978) presents the Putnam Model, an
empirical model for software effort estimation. Likewise, Boehm (1983) presents the COCOMO
Model, a procedural cost estimation model for software engineering endeavors.
Table 12 - Methodologic approach of red cluster articles13
Methodologic approach
Conceptual
Analytical
Empirical
Applied

Count
3
5
3
0

Percentage
27%
45%
27%
0%

Source: Table elaborated by the author.
However, most papers are analytical, where authors present diverse techniques for software sizing,
cost estimation, and schedule forecasting. Empirical papers predominantly compare existing
estimation techniques’ performance based on historical data. The lack of applied papers may
indicate the need for implementing the simulated techniques.
Based on the insights derived from the descriptive and content analysis, the red cluster is labeled
by Software Effort Estimation. This label incorporates the analytical focus of the various
estimation techniques presented to estimate software development effort and the conceptual
aspects of software development projects. Its dominant knowledge base is that of software
engineering.

4.1.2

Blue cluster

The blue cluster contains ten articles. As shown in Table 13, 45% of the blue cluster sources stem
from the international journal of Project Management, indicating the cluster’s dominant focus on

13

This table lists the Methodologic approaches attributed to articles of the Red cluster.
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the Project Management research domain. The remaining articles stem from various journals
which focus on intelligent management systems (e.g., DSS, Information & Management, and
JMIS) or AI research (e.g., Expert Systems with Applications or Decision Support Systems).
Table 13 - Blue cluster sources14
Sources
International Journal of Project Management
Decision Support Systems (DSS)
Journal of Systems and Software (JSS)
Expert Systems with Applications
IEEE Software
Information & Management
Journal of Management Information Systems (JMIS)

Count
5
1
1
1
1
1
1

Percentage
45%
9%
9%
9%
9%
9%
9%

Source: Table elaborated by the author.
Table 14 sheds light on the most important papers for both the internal and external environment.
Notably, the article on Software project risk analysis using Bayesian networks with causality
constraints ranks as the most important article for the cluster. It is further interesting to note that
the median publication year of articles in the blue cluster (2009) is more recent than that of the red
cluster (1997), partly offering an explanation for a lower median number of total citations in the
blue cluster (215) than in the red article (521).
Complementary to the descriptive analysis, the content analysis of the blue cluster confirms the
cluster’s focus on Project Management, primarily on quantitative project risk management. The
majority of articles in the cluster propose and compare models for both project risk management
in either engineering or software projects.
This understanding was gained through the identification of the main topics addressed by the
cluster’s article. As defined in Table 15, the seven main topics cover project risk management,

14

This table lists the Journals pertinent to articles of the blue cluster.
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software risk, risk prediction, causality, critical risk item, information constraint and bias, and data
learning. The summary of the content analysis, together with the listing of the cluster’s most
frequent keywords, is found in Appendix G.
Table 14 - Blue cluster articles and importance ranking 15
Cited Reference
Hu et al., 2013
Fan & Yu, 2004
E. Lee et al., 2009
Khodakarami & Abdi, 2014
Luu et al., 2009
Wallace et al., 2004
Boehm, 1991
Dikmen et al., 2007
Schmidt et al., 2001
Kuo & Lu, 2013
Batselier & Vanhoucke, 2015

PR-Index
0.032900369
0.029100832
0.027004231
0.026922088
0.022518573
0.021143243
0.020763935
0.019741787
0.01789222
0.017864492
0.014051046

Total-Citations
172
215
338
141
270
576
2635
172
1734
206
108

Source: Table elaborated by the author.
Two significant discussions deriving from these main topics appear noteworthy. While all papers
of the blue cluster investigate project risk management, it seems interesting that 42% of the articles
exclusively focus on software project risk management while 50% exclusively focus on
construction project risk management.
The remaining article encompasses both subjects. Notably, papers are more conceptual for
software project risk management, describing procedural building blocks of software risk analysis
(Boehm, 1991) together with proposals of software risk dimensions and factors (Schmidt et al.,
2001; Wallace et al., 2004). Such topics are not found for construction project risk management.

15

This Table lists the research articles of the blue cluster in order of PR-Index. PR-Index according to Bibliometric
Co-Citation Analysis. Total-Citations according to Google Scholar, on June 14, 2021.
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Table 15 - Main topic definition for blue cluster16
Main topic

Definition

Project risk management

Process of identifying, analyzing, and responding to risks occurring
during a project life-cycle (PMI, 2017a)

Software risk

Risks occurring during a software project life-cycle

Risk prediction

Probabilistic estimation of impact from risk factors

Causality

Presumptuous influence through variations of an independent variable
(risk item) on a dependent variable (e.g., cost, schedule, quality)

Critical risk factor

A factor with a strong influence on a dependent variable

Information constraint and bias

Insufficient and irregular data input

Data learning

Recurrent calibration of risk model with new project data

Source: Table elaborated by the author.
The second significant discussion revolves around project risk management models that predict
risk impact probabilities based on uncertainty. Most models quantify uncertainty in terms of cost
(Khodakarami & Abdi, 2014), delay (Luu et al., 2009), or performance in general (Fan & Yu,
2004; Hu et al., 2013; Kuo & Lu, 2013; I. Lee & Shin, 2020).
Most authors collect input variables (risk factors) and set variable interrelation based on
questionnaires or expert inputs (Dikmen et al., 2007; Kuo & Lu, 2013; Luu et al., 2009). Other
authors apply algorithmic approaches to identify causality among risk factors and project success
to derive critical risk factors (Hu et al., 2013; Khodakarami & Abdi, 2014). The question of input
bias is recognized by users of expert input (Dikmen et al., 2007; Fan & Yu, 2004), and proponents
of algorithmic approaches recommend reducing algorithmic exposure to noisy data by enabling
expert constraints (Hu et al., 2013). This argumentation highlights the trade-offs between using
expert inputs or historical data.

16

This Table lists the patterns of conversation focus of the blue cluster as main topics.
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Another interesting discussion around risk management models is the learning capacity from past
data. This subject appears little discussed as only two authors mention its relevance. Still, the
capacity to continuously update the model upon arrival of new information renders predictions
more accurate throughout the project and hence should be made intuitively embedded in the model
(Fan & Yu, 2004; Khodakarami & Abdi, 2014).
Complementary to the main topic analysis, it appears noteworthy to touch upon the dominant
intelligent systems used in the blue cluster. According to Figure 6, the dominant algorithm is the
Bayesian Network, followed by Fuzzy Logic-based risk models. There was only one occurrence
of regression analysis. This algorithm landscape appears significantly different from that of the
red cluster. In explanation to this observation, Dikmen et al. (2007) argue that risk assessments are
structured by probabilistic theory and expert judgment rather than statistical decision theory.
Figure 6 - Algorithm occurrence by type in the blue cluster17
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Source: Figure elaborated by author.
For such probabilistic risk assessments, Khodakarami & Abdi (2014) describe the BN’s usefulness
in defining the impacted variable of choice such as cost or schedule. Another advantage of the BN
is its flexibility in updating and aggregating new insights (Fan & Yu, 2004; Khodakarami & Abdi,

17

This Figure presents the number each type of algorithm occurred in articles of the blue cluster.
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2014). In disfavor of the BN, Kuo & Lu (2013) advocate for FL-based models since they require
less data preparation, use expert knowledge input instead and serve for early-stage risk
assessments. Only Hu et al. (2013) combine a Bayesian Network model with data mining by
integrating a BN discovery algorithm to distinguish risk causality detection from correlation.
Lastly, Table 16 outlines the methodologic approaches used in the blue cluster articles. Only one
paper was labeled as conceptual, being likewise the oldest paper in the cluster. In this paper,
Boehm (1991) describes the emerging discipline of software risk management, together with
procedural suggestions on its implementation.
Table 16 - Methodologic approach of blue cluster articles18
Methodologic approach
Conceptual
Analytical
Empirical
Applied

Count
1
6
4
0

Percentage
9%
55%
36%
0%

Source: Table elaborated by the author.
Still, most articles are analytical, presenting risk assessment models for cost overruns or schedule
delays in software development or construction projects. Empirical papers mostly compare the
applicability of diverse models based on historical data or define the most critical risk factors based
on expert opinion or surveys.
The blue cluster can be labeled as project risk modeling through the understanding derived from
the descriptive and content analysis. This label represents the focus on quantitative risk assessment
models, ranging from Bayesian Networks and Fuzzy-Logic-based models to the identification and
clustering of risk factors.

18

This table lists the Methodologic approaches attributed to articles of the Blue cluster.
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4.1.3

Green cluster

The green cluster contains 18 articles. It is the largest of the three clusters that form the co-citation
network of AI in Project Management. As listed in Table 17, sources of the Green cluster stem
from a variety of journals. Still, 40% of all articles cover topics from the construction engineering
research domain (i.e., JCEM, B&E, AC, and IEEE EMR). 33% focus firmly on AI-related research
domains, addressing the design and application of intelligent systems (i.e., ESA, ML, information
and control, or mathematical modeling). 17% stem the international journal of Project
Management. The descriptive analysis of journal sources indicates that the green cluster focuses
on construction engineering, intelligent systems, and Project Management.
Table 17 - Green cluster sources
Sources
Journal of Construction Engineering and Management (JCEM)
International Journal of Project Management
Expert Systems with Applications (ESA)
Machine Learning (ML)
Information and Control
Building and Environment (B&E)
Automation in Construction (AC)
Information Sciences
Mathematical Modelling (MM)
IEEE Engineering Management Review (IEEE EMR)

Count
4
3
2
2
1
1
1
1
1
1

Percentage
22%
17%
11%
11%
6%
6%
6%
6%
6%
6%

Source: Table elaborated by the author.
Additionally, Table 18 ranks the green cluster articles by their PR-Index. It lists total citations to
assign each article their level of importance. Cheng et al.’s 2010 article on ‘Conceptual cost
estimates using evolutionary fuzzy hybrid neural network for projects in the construction industry’
shows the highest page rank. Notably, the article received the third-lowest number of citations
among the cluster articles, indicating relatively high importance to the green cluster while lower
importance to the external environment.
Complementary to the descriptive analysis, the content analysis of the green cluster underscores
the cluster’s focus on intelligent systems in the Construction Project Management realm. This
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understanding was gained through the identification of the main topics addressed by the green
cluster articles. As defined in Table 19, the six main topics are construction Project Management,
cost and schedule estimation, information constraint and bias, earned value, and theoretical and
methodological concepts. The summary of the content analysis is found in Appendix H.
Table 18 - Green cluster articles and importance ranking 19
Cited Reference
Cheng et al., 2010
Zadeh, 1965
Hegazy & Ayed, 1998
Kim et al., 2004
Breiman et al., 1984
Breiman, 1996
Cheng & Wu, 2009
Y.-R. Wang et al., 2012
Cortes & Vapnik, 1995
Adeli & Wu, 1998
Trost & Oberlender, 2003
Cheng & Roy, 2010
Lipke, 2003
Zadeh, 1975
Baloi & Price, 2003
Saaty, 1979
Anbari, 2004
Barraza et al., 2004

PR-Index
0.041166825
0.038797822
0.034541367
0.029668814
0.027724695
0.02747403
0.026958585
0.024794106
0.023952596
0.023657586
0.020483382
0.0203257
0.01806039
0.01608225
0.014474003
0.013530955
0.013302444
0.010368655

Total-Citations
150
99234
424
552
50963
27212
74
114
48058
307
382
42
460
18289
840
2987
719
181

Source: Table elaborated by author. Citations according to Google Scholar, on June 14, 2021.
Identifying the main topics draws upon three significant discussions where, interestingly, all cover
construction Project Management. First, many authors simulate models for forecasting outcomes
in construction projects based on existing data inputs. The forecasted outcome is the output of the
models and differs among articles.
Most authors estimate total construction cost in absolute figures (Adeli & Wu, 1998; M.-Y. Cheng
et al., 2010; M.-Y. Cheng & Roy, 2010; M.-Y. Cheng & Wu, 2009; Hegazy & Ayed, 1998). Fewer
estimate cost and schedule performance (Barraza et al., 2004; Y.-R. Wang et al., 2012), where

19

This Table lists the research articles of the green cluster in order of PR-Index. PR-Index according to Bibliometric
Co-Citation Analysis.
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performance is a delta change computation, implying that the model can continuously learn from
new data. Barraza et al. (2004) advocate that such models, in combination with Project
Management tools such as the Earned Value Management (EVM) system, may develop automated
mechanisms for project control.
Table 19 - Main topic definition for green cluster20
Main topic

Definition

Construction Project Management

The discipline of planning and leading construction projects

Cost and schedule estimation

Process and technique of predicting the total cost or schedule time
of construction projects

Information constraint and bias

Insufficiency of and irregularities in the provision and application
of data that is inputted into system effort estimation models

Earned value

Project Management technique for estimation of cost and schedule
performance

Theoretical and methodological concepts

Newly proposed theoretical way of thinking about events and
methodological application thereof in the field

Source: Table elaborated by the author.
The second discussion addressed by the authors is the lack of valuable information for cost
estimation during the conceptual phase of any project. Cheng & Wu (2009) defy resorting entirely
to human interventions such as expert interviews and questionnaire surveys. The authors address
this challenge by proposing estimation models that imitate the human decision-making process
through automated inference engines based on fuzzy rule implications. Such estimation models
aim to reduce the number of input parameters while maintaining input parameters prediction
accuracy (M.-Y. Cheng et al., 2010; M.-Y. Cheng & Wu, 2009).

20

This Table lists the patterns of conversation focus of the green cluster as main topics.
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The third discussion covers the trade-offs that exist between different algorithms. In this regard, it
is interesting to assess the different algorithms proposed by authors of the green cluster, as graphed
by Figure 7.
Figure 7 - Algorithm occurrence by type in the green cluster21
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Source: Figure elaborated by author.
The most discussed algorithm is the Artificial Neural Network. Authors appear to favor the
algorithm for its high prediction accuracy. Still, this accuracy stands in trade-off with its
explainability, which may prevent practitioners from applying it in the field (Hegazy & Ayed,
1998; B.-C. Kim & Pinto, 2019).
Another criticism raised towards the ANN is its trade-off between accuracy and computation time.
As ANN models require retraining after new project data is added, usability may be limited when
estimations are required timely (M.-Y. Cheng & Wu, 2009; B.-C. Kim & Pinto, 2019). Rather,
such arguments favor CBR models, which are more flexible in aggregating new project data (B.C. Kim & Pinto, 2019). Higher flexibility is also an advantage of SVM, which requires less data
input than ANN (Y.-R. Wang et al., 2012).

21

This Figure presents the number each type of algorithm occurred in articles of the green cluster.
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The green cluster also covers both hybrid and ensemble methods. Hybrid Methods such as the
Evolutionary Fuzzy Support Inference model mainly address reducing human intervention to
determine fuzzy logic parameters and SVM hyperparameters (M.-Y. Cheng & Roy, 2010).
Ensemble Methods, in particular, combinations of ANN with Bagging and ANN with Boosting
were proposed by Y.-R. Wang et al. (2012). The authors compared these enhanced algorithms with
Single AI methods such as ANNs and SVMs, demonstrating superior prediction accuracy.
Complementary to the analysis of main topics, the analysis of the methodologic approaches, as
outlined in Table 20, indicates that 56% of the green cluster’s reference papers are analytical.
Interestingly, the cluster is also composed of 44% of conceptual papers. Most of these papers are
of mathematical and statistical nature, describing the theories of fuzzy logic and linguistic
variables (Zadeh, 1965, 1975), the foundations of clustering and bagging (Breiman, 1996; Breiman
et al., 1984), or support vector machines (Cortes & Vapnik, 1995).
Other papers describe applied processes and models such as Saaty’s Analytical Hierarchy Process
(1979) or the Project Management model of EVM (Anbari, 2004; Barraza et al., 2004; Lipke,
2003).
Table 20 - Methodologic approach of green cluster articles22
Methodologic approach

Count

Percentage

Conceptual

8

44%

Analytical

10

56%

Empirical

0

0%

Applied

0

0%

Source: Table elaborated by the author.
From the insights gained from the descriptive and content analysis, the green cluster has a high
analytic focus on estimating construction costs for construction engineering projects through

22

This table lists the Methodologic approaches attributed to articles of the green cluster.
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intelligent systems. In consequence, the green cluster may be labeled as construction cost
estimation.

4.1.4

Value Proposition for intellectual structure

From the insights gained through the descriptive and content analysis of the three clusters, the
consolidated understanding thereof may give meaning to the co-citation network, through which
the intellectual structure of literature on AI in Project Management is established.
To consolidate the knowledge gained from the descriptive and content analysis of the three
clusters, Miles et al. (2019) recommend creating metaphors, as they connect findings to theory in
a synthesized and visual manner. Hence, in response to RQ 1, this thesis proposes through Figure
8 the knowledge-building framework for AI in Project Management, representing the intellectual
structure of the field.
In this knowledge building, the roof represents the knowledge field, being Artificial Intelligence
in Project Management. The three pillars supporting the roof represent the three clusters identified
through the co-citation network analysis. As derived from the descriptive and content analysis of
each cluster, the three pillars were labeled: software effort estimation (SEE), project risk modeling
(PRM), and construction cost estimation (CCE). Each pillar indicates a fundamental research field
of AI in Project Management. They may also provide an understanding of the most advanced
application fields for AI in Project management.
Furthermore, each pillar is to be discussed under consideration of the main topics derived from the
content analysis. For SEE, these main topics count Software Project Management, System Sizing,
Effort Estimation, Estimation Accuracy Evaluation, and Data Limitation. For PRM, the main
topics count Project Risk Management, Software Risk, Risk Prediction, Critical Risk Factor,
Information Constraint, and Data Learning. For CCE, the main topics count Construction Project
Management, Cost and Schedule Estimation, Information Constraint and Bias, and Earned Value.
Furthermore, the main topics within one pillar are not to be considered independent of each other
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since they formulate relevant discussions to the research domain, as can be read in the analysis
section of each cluster.
Figure 8 - Knowledge building of Artificial Intelligence in Project Management23

Software Effort
Estimation

Project Risk
Modeling

Construction Cost
Estimation

Artificial Intelligence in Project
Management

Analytical Method
--Software Engineering

Analytical Method
--Project Management

Analytical Method
--Construction Engineering

Source: Figure elaborated by the author.
For the foundation of the three pillars, the dominant methodologic approaches of the three clusters’
articles were taken, together with the most dominant research domain. As outlined in each cluster
analysis, the dominant approach for all three clusters is the analytical methodologic approach. This
implies that the majority of the research articles within the knowledge base simulate intelligent
systems based on historic or proxy data and that little is applied in practice, highlighting the need

23

This Figure represents the Knowledge Building of Artificial Intelligence in Project Management. It consolidates the
Co-Citation Analysis and presents the Main Theme, the dominant Methodologic approach, and the academic journal
domain of each Cluster of the Co-Citation Network.
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for practical implementation. Finally, the knowledge base of the red cluster pertains mainly to the
software Engineering research domain, the blue to the Project Management domain, and the green
to the construction engineering domain.

4.2

Bibliographic coupling analysis

This section addresses this thesis’s second research question (RQ 2), which aims at identifying the
emerging trends in the literature domain of AI in Project Management. RQ 2 is analyzed through
the bibliographic coupling method. In this regard, Zupic & Čater (2015) recommend limiting the
bibliographic database to articles published in the past five years. This limitation yields a set of
emerging articles suitable for bibliographic coupling analysis.
Hence, to answer RQ 2, the merged WoS/ Scopus database was limited to articles published
between 2017 and 2021. Then the database was loaded into the Bibliometrix software. Under the
tab ‘Coupling,’ the analysis type ‘Clustering by Coupling’ was selected. Under the tabs of
‘Coupling Map Parameter,’ the unit of analysis was set to ‘Document,’ and the coupling
measurement to ‘References.’ This setup measures similarity between papers through the number
of identical references they cite.

Further, a controllable number of elements on the network graph is essential. The limitation for
the bibliographic coupling network was set to count clusters with a minimum size of five articles.
This parametrization rendered the bibliometric coupling network illustrated by Figure 9. The
network consists of 33 elements and is divided into four clusters. As the network comprises
emerging articles, it illustrates the current research trends of the literature domain of AI in Project
Management Zupic & Čater (2015).
Each element’s importance within the network is reflected by the size of its node and links,
together with its position within the network. For this measurement, the Bibliometrix software
algorithm applies two weighing attributes: total links and link strength. The number of links
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attached to each node defines total links. In contrast, the number of identical sources within one
link defines link strength (van Eck et al., 2010).
Figure 9 - Bibliographic coupling network of Artificial Intelligence in Project Management24

Source: Figure elaborated by author.
Since the parametrization by minimum cluster size does not satisfy the demand for influential
papers, Table 21 provides insights from the descriptive analysis of the network, revealing the

24

This Figure presents the Bibliographic Coupling Network, containing 33 articles on the research domain AI in
Project Management.
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underlying papers’ outside degree of importance by measuring total citations and its inside degree
of similarity by measuring total links per node.
The analysis of total citations and the comparison of mean and median show that citation numbers
differ strongly among papers in the network, ranging from 0 to 93 citations. Then again, the Table
reasons that recently published papers are more prone to lower citation numbers than older papers.
Table 21 - Descriptive analysis of bibliographic coupling network25
Citations

Total
links

2017

2018

2019

Mean

16

24

10

Median

13

4

Min
Max

5
38

4
93

2020

2021

Total

9

5

12

12

5

5

0

5

11

1
32

0
34

0
16

0
93

5
26

Source: Citation numbers are drawn from Google Scholar on July 25, 2021. Total links are
drawn from the bibliographic analysis. Table elaborated by the author.
Furthermore, it is interesting to note that an average number of twelve links indicates that many
papers have links with papers outside their cluster. This connection is apparent since specific
clusters such as the gray and the yellow cluster consist of only five, respectively, six papers. The
connection also indicates that papers across clusters are considerably similar.
Figure 9 shows that papers on AI in Project Management published post-2017 can be divided into
four clustered: the orange, the yellow, the gray cluster, and the violet cluster. For further
understanding of the characteristics of each cluster, the four clusters were analyzed by descriptive
analysis and content analysis.

25

Table maps the sample characteristics of the bibliographic coupling network.
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The descriptive analysis covers (i) ranking the most-used publication journals and (ii) comparing
the total citation of each paper to the total number of links. The content analysis follows the same
method applied for the co-citation analysis together with the analysis of the algorithm types and
the research methodologies. Each article is downloaded, read, and analyzed by main topics,
keywords, and methodologic approach. Finally, each cluster is defined by its dominating emerging
trends, which characterize the research domain's current research direction.
The emerging topics of each cluster are selected by comparing the main topics of the bibliographic
coupling clusters with those of the co-citation clusters. If a topic has not been described in the cocitation clusters, it counts as an emerging topic. To select the emerging trend among the emerging
topics, emerging topics are ranked by the frequency of mentioning within its cluster. The emerging
topic that occurs most among the cluster articles is hence defined as an emerging trend.

4.2.1

Orange cluster

The Orange cluster contains eight articles. Table 22 lists the journals from which the cluster articles
stem. It becomes apparent that there is a strong separation of journals. Hence journals were
classified by their research disciple focus. Then again, Table 22 reveals that 52% of journals focus
on engineering-oriented research. Two journals are multi-disciplinary, while Heliyon and
Transportation Research focus on natural sciences and transportation policy, respectively. Hence,
the cluster appears to have a dominant scope of engineering-focused research.
Table 23 addresses the importance assessment of the orange cluster’s articles. It compares an
article’s total links as a measure for the internal environment and total citations for the external
environment.

76

Table 22 - Orange cluster sources26
Sources
Civil Engineers – Management, Procurement, and Law
Heliyon
IEEE Transactions on Engineering Management
Comp.-Aided Civil and Infrastructure Engineering
Transp. Research Part A: Policy and Practice
SN Applied Sciences
IEEE ACCESS
Journal of Construction Engineering and Management

Count
1
1
1
1
1
1
1
1

Percentage
13%
13%
13%
13%
13%
13%
13%
13%

Focus
Construction Management
Natural Science
RD&E
Computational engineering
Transportation Policy
Multi-disciplinary
Multi-disciplinary
Construction Management

Source: Table elaborated by the author.
From Table 23, it becomes apparent that Elmousalami's 2020 paper on Artificial Intelligence and
Parametric Construction Cost Estimate Modeling is both the most interlinked and most influential
from a citation perspective. Notably, Elmousalami's 2021 article on Comparison of Artificial
Intelligence Techniques for Project Conceptual Cost Prediction counts the second most citations
of the cluster articles. This number of citations is considerable since it is the most recent article
published in the cluster.
Table 23 - Orange cluster articles and importance ranking27
Article
Elmousalami Hh, 2020 2
Elmousalami Hh, 2021
Elmousalami Hh, 2019
Qiao Y, 2019
Tayefeh Hashemi S, 2020
Martinez-Rojas M, 2018
Xue Xj, 2020
Chen Jh, 2019

Total-Citations
26
16
5
2
6
4
1
1

Total links
26
25
20
17
17
12
12
11

Source: Total-Citations according to Google Scholar, on June 14, 2021. Total links according
to Bibliographic-Coupling Analysis. Table elaborated by the author.

26

This Table lists the Journals pertinent to articles of the orange cluster. RD&E stands for Research Development and

Engineering
27

This Table lists the research articles of the orange cluster in order of Total Citations.
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In addition to the descriptive analysis, a content analysis was performed for the orange cluster.
This analysis reveals that authors of the orange cluster focus primarily on proposing or evaluating
intelligent models for quantitative cost estimation in construction Project Management.
This understanding derives from the six main topic categories that inductively emerged as patterns
while reading the articles. These six main topics are construction Project Management, conceptual
cost estimation, cost driver identification, reduction of human intervention, model explainability,
and data limitations. Table 24 defines the six main topics of the orange cluster for the bibliographic
coupling network. A summary of the content analysis and most frequent keywords is found in
Appendix I.
Table 24 - Main topic definition for orange cluster28
Main topic

Definition

Construction Project Management

The discipline of planning and leading construction projects

Conceptual cost estimation

Process and technique of predicting total project cost during the
conceptual project stage

Cost driver identification

Application AI models to identify patterns of significance for determining
cost drivers

Reduction of human intervention

Decreased human-derived inputs into models such as expert opinion

Model explainability

The degree to which estimation technique outputs are explainable to
humans

Data limitations

Obstacles to estimation accuracy through noise or irregularities in a given
data set

Source: Table elaborated by the author.
In essence, two significant discussions encompass the six main topics listed. The first discussion
tackles identifying the most relevant cost drivers for a cost estimation model. On this subject,
Elmousalami (2020) recommends reducing human intervention and proposes combining ANN

28

This Table lists the patterns of conversation focus of the orange cluster as main topics.
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with GA to identify key cost drivers based on historical data. Elmousalami (2019) uses statistical
methods such as factor analysis, regression, or correlation matrix scanning to determine key cost
drivers. Tayefeh Hashemi et al. (2020) also argue in favor of reduced human intervention in
determining cost drivers.
Other authors argue about the appropriate number of cost drivers used for a model. Tayefeh
Hashemi et al. (2020) recommend reducing the number of input factors for ANN since its accuracy
is inversely correlated to the number of input factors. In contrast, Xue et al. (2020) argue that an
increased amount of input factors benefits the accuracy of the DNN-based cost estimation model.
The second discussion revolves around the cost estimation model for construction building
projects. Authors compare algorithm performance in terms of accuracy of estimation, robustness
to data input limitations, explainability of output, and automation of process. Almost unanimously,
authors appear to agree that Hybrid Models or Ensemble Methods present superior performance
compared to Single algorithm models (Elmousalami, 2019, 2020, 2021; Tayefeh Hashemi et al.,
2020).
This precision is partially achieved through the Hybrid and Ensemble Method's tolerance for noisy
and missing data (Elmousalami, 2020) and their capacity to process numerical and categorical
values (Elmousalami, 2021). Similarly, DNNs also perform superior in capturing better highdimension non-linear patterns. However, DNNs require more extensive data input and more
extended training (Elmousalami, 2021; Xue et al., 2020). The scientific use of Hybrid Models,
Ensemble Methods, and DNN can be observed in Figure 10.
A further downside to such superior performance lies apparently in the model’s explainability. As
Single AI algorithms are developed to Ensemble Methods, previously explainable models, such as
CBR, become non-transparent. For non-transparent Single AI algorithms such as SVM, ANN, or
DNN, complexity and inexplainability increase as they are rendered Hybrid or Ensemble Models
(Elmousalami, 2019, 2021). Moreover, it appears noteworthy that the extensive use of regression
analysis predominantly serves to benchmark other simulated intelligent algorithms.
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Figure 10 - Algorithm occurrence by type in the orange cluster29
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Source: Table elaborated by author.
Lastly, and similar to the discussion of reduced human intervention for cost driver identification,
Elmousalami (2019) recommends automating the process of defining attribute weights for Fuzzy
Logic cost estimation models. The author combines FL with GA to automatically identify attribute
weights for input variables, thereby increasing forecast accuracy.
Complementary to the content analysis, Table 25 lists the methodologic approaches used by
articles in the orange cluster. Empirical papers compare the project cost estimation performance
of different existing AI algorithms to Hybrid and Ensemble counterparts. Thereby, the authors
assess the strengths and vulnerabilities of Single, Hybrid, and Ensemble Models (Elmousalami,
2020; Tayefeh Hashemi et al., 2020). Analytical papers simulate innovative methods to identify
cost drivers and estimate project costs (Elmousalami, 2019; Martinez-Rojas et al., 2018; Xue et
al., 2020).
Based on the insights derived from the descriptive and content analysis, the orange cluster of the
bibliographic coupling analysis shows strong similarities to the green cluster of the co-citation
analysis. Both clusters focus on construction management and cost estimation. To define the

29

This Figure presents the number each type of algorithm occurred in articles of the orange cluster.
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emerging trend of the orange cluster, Table 26 maps the comparative process between main topics
in the orange cluster and their presence in the co-citation analysis.
Table 25 - Methodologic approach of orange cluster articles30
Methodologic approach
Conceptual
Analytical
Empirical
Applied

Count
0
5
2
1

Percentage
0%
62.5%
25.0%
12.5%

Source: Table elaborated by the author.
From Table 26, it becomes apparent that the main topics of Cost Driver Identification, Reduction
of Human Intervention, Model Explainability, and Data limitations were discussed within articles
of the Co-Citation network. Then again, the analysis from Table 26 reveals that the orange cluster
increasingly focuses on overcoming obstacles to applying intelligent cost estimation systems, such
as human intervention, explainability, and data limitations. Researchers within the orange cluster
attempt to solve inherent bias in human intervention through automating cost driver identification
(Elmousalami, 2019; Martinez-Rojas et al., 2018; Xue et al., 2020).
To overcome data limitations, authors present increasingly more Hybrid and Ensemble Methods
due to their more robust tolerance for noisy and missing data. Thereby, previously explicable
intelligent systems are rendered less transparent, a substantial trade-off discussed within the orange
cluster (Elmousalami, 2019, 2020; Tayefeh Hashemi et al., 2020).
From the analysis in Table 26, it becomes apparent that the primary emerging trend derived from
the orange cluster is the research focus on gaining increased automation, explainability, and
robustness in cost estimation models for Construction Project Management. These three obstacles
are the current focus of AI algorithms. Authors tackle these obstacles by combining standalone

30

This table lists the methodologic approach attributed to articles of the orange cluster.
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algorithms with Hybrid Methods and complementing them with Ensemble Methods. Then again,
the explainability of models seems to decrease when rendering Single AI algorithms to Hybrid or
Ensemble Methods.
Table 26 - Definition of emerging trend of orange cluster31
Main Topic
Construction PM
Conceptual cost
estimation
Cost driver
identification
Reduction of
human intervention
Model
explainability
Data limitations

Coverage in co-citation/
Major differences of orange cluster
Yes/None
Yes/None

Emerging
topic
-

Occurrence
-

Emerging
Trend
-

Yes/Higher focus on automated cost driver
identification to reduce human
intervention, and reduction of the number
of input variables for forecast optimization
Yes/Higher focus on automated cost driver
identification to reduce human
intervention
Yes/Complexity and inexplainability of
algorithms increase as they are rendered
Hybrid or Ensemble Models
Yes/Increased tolerance for noisy and
missing data with Hybrid and Ensemble
Methods

Increased
automation

50.0%

Yes

Increased
automation

37.5%

Yes

Increased need
for
explainability
Increased
robustness

25.0%

Yes

62.5%

Yes

Source: Table elaborated by the author

4.2.2

Yellow cluster

The yellow cluster is composed of six articles. As listed in Table 27, 67% of the sources of the
yellow cluster were published in engineering-related journals such as construction and industrial
engineering.
Furthermore, Table 28 ranks the Yellow cluster articles by total citations and total links. B.-C. Kim
& Pinto's 2019 article on What CPI = 0.85 Really Means: A Probabilistic Extension of the Estimate

31

This Table lists the process of defining the emerging trend of the orange cluster. The main topics of the orange
cluster are compared with the topics of the co-citation analysis. Thereby, the analysis identifies emerging topics in the
orange cluster. Emerging Trend is defined by ranking the emerging topics by the number of occurrences in the orange
cluster.
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at Completion shows the highest number of total links (20) and second-highest total citations (11).
Wauters & Vanhoucke's 2017 article on A Nearest Neighbour extension to project duration
forecasting with Artificial Intelligence lists the second-greatest number of links (20) and highest
number of citations (38).
Table 27 - Yellow cluster sources32
Sources
Journal of Construction Engineering and Management

Count
3

Percentage
50%

The International Journal of Industrial Engineering
European Journal of Operational Research
Symmetry

1
1
1

17%
17%
17%

Focus
Construction
Management
Industrial engineering
Operational Research
Multi-disciplinary

Source: Table elaborated by the author.
Table 28 - Yellow cluster articles and importance ranking33
Article
Wauters M, 2017
Kim Bc, 2019
Balali A, 2020
Firouzi A, 2020
Kamoona Krk, 2019
Hajiali M, 2020

Total-Citations
38
11
4
2
2
0

Total links
17
20
9
9
16
12

Source: Total-Citations according to Google Scholar, on June 14, 2021. Total links according
to Bibliographic-Coupling Analysis. Table elaborated by the author.
Matching with the descriptive analysis, the content analysis of the yellow cluster underscores the
cluster’s focus on research in the construction management domain. Complementary, the analysis
reveals the cluster’s focus on project control models based on the EVM methodology.

32
33

This table lists the Journals pertinent to articles of the yellow cluster.
This Table lists the research articles of the yellow cluster in order of Total Citations
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This understanding was reached by identifying the main topics addressed by the yellow cluster
articles. As defined in Table 29, the four main topics addressed in the cluster articles are
construction Project Management, value drivers, earned value performance prediction, and project
control. The summary of the content analysis and the analysis of the most frequent keywords is
found in Appendix J.
Table 29 - Main topic definition for yellow cluster34
Main topic

Definition

Construction Project Management

The discipline of planning and leading construction projects

Value drivers

Factor variables to determine EAC in EVM

Earned value performance prediction

Probabilistic assessment and variance analysis of expected
earned value and estimate at completion

Project control

Process of continuous assessment between scheduled,
actual, and predicted cost and schedule performance for
decision making

Source: Table elaborated by the author.
The content analysis reveals that all articles of the yellow cluster focus on project performance
estimation, known as estimate at completion (EAC), by using underlying variables of earned value
management. EVM measures project progress by three key metrics: Planned Value, Earned Value,
and Actual Cost, where value combines cost and schedule (Anbari, 2004). The combination of
these metrics equals earned value, a metric used to standardize project performance.
Authors of the yellow cluster use the variables defined by EVM to forecast project performance
through intelligent models. The research focuses on two steps in forecasting project performance
in EVM. The first step covers inputting variables into an EVM model. In this context, Balali et al.
(2020) apply Artificial Neural Network to determine optimal coefficients between identified input
factors and earned value, converting project-specific metrics to EVM standardized metrics.

34

This Table lists the patterns of conversation focus of the yellow cluster as main topics.
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Alternatively, Kamoona & Budayan (2019) apply a GA-DNN to identify the ideal combination of
EVM variables to reduce output variance in estimate at completion.
The second step considers computing Estimate at Completion. Most authors advocate using
models for project cost control, which safeguard the project's final duration and budget (Wauters
& Vanhoucke, 2017). Authors describe the potential of intelligent systems to forecast probabilities
of schedule or budget overruns based on a project’s current EVM variables. For such forecasting,
B.-C. Kim & Pinto (2019) use a Bayesian Network combined with Monte Carlo simulation to
estimate cost overruns based on Earned Value. Firouzi & Khayyati (2020) and Hajialia et al. (2020)
estimate schedule performance through Bayesian Networks and Ensemble Methods.
Other authors do not probabilistically estimate cost or schedule performance. Instead, they solve
for estimates at completion. Such models combine DNN and SVM (Kamoona & Budayan, 2019)
or k-NN and SVM (Wauters & Vanhoucke, 2017). The same authors recommend variance analysis
of the estimate at completion attributes to determine the stability of EVM metrics throughout the
project. Such a combination of accuracy and stability estimates provides a potent tool for project
control if updated in real-time (Kamoona & Budayan, 2019).
Figure 11 - Algorithm occurrence by type in the yellow cluster35
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Source: Figure elaborated by author.

35

This Figure presents the number each type of algorithm occurred in articles of the yellow cluster.
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Based on the algorithm types presented in the yellow cluster, Figure 11 indicates that SVM and
Hybrid methods are the most used for cost control. It appears essential to mention that both
applications of SVM present inferior estimation accuracy in comparison to other assessed models
such as a hybrid Bayesian Network (Kamoona & Budayan, 2019) and k-NN technique (Wauters
& Vanhoucke, 2017).
Furthermore, Table 30 lists the methodologic approaches applied by the yellow cluster articles.
Interestingly, all six articles of the cluster take an analytical approach. This aspect may indicate
that the research in intelligent models for EVM purposes is still firmly emergent and may benefit
from applications in case studies.
Table 30 - Methodologic approach of yellow cluster articles36
Methodologic approach

Count

Percentage

Conceptual

0

0%

Analytical

6

100%

Empirical

0

0%

Applied

0

0%

Source: Table elaborated by the author.
Lastly, Table 31 presents the analysis procedure to define the emerging trend of the yellow cluster.
It becomes apparent that the most frequently discussed advancements in the yellow cluster
occurred about Project Control. To use AI for Project Control, authors combine existing earned
value performance prediction methods with probabilistic estimations or variance analysis to exert
project control mechanisms (Kamoona & Budayan, 2019; Wauters & Vanhoucke, 2017).
Hence this cluster’s emerging theme is labeled as project control prediction through intelligent
EVM models. As the models presented are still in simulation trial, the research should be directed
towards implementing simulated models in real projects to test their validity.

36

This table lists the methodologic approach attributed to articles of the orange cluster.
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Table 31 - Definition of emerging trend of yellow cluster37
Main Topic
Construction
Project
Management
Value drivers
Earned value
performance
prediction
Project control

Coverage in co-citation/
Major differences of orange cluster
Yes/None

Emerging
topic
-

Occurrence
-

Emerging
Trend
-

Yes/Identification of value drivers in
EVM through intelligent systems
Yes/None

Value Driver
identification
-

50.0%

No

-

-

Project control through:
- Forecast probabilities of schedule delay
or budget overruns
-Project control through variance analysis
of the estimate at completion attributes

Project Control

75.0%

Yes

Source: Table elaborated by the author

4.2.3

Gray cluster

The gray cluster contains five articles and is the smallest cluster in the bibliometric network.
According to Table 32, most articles of the gray cluster were published in highly recognized
journals of either the software engineering domain such as Journal of Software: Evolution and
Process or Journal of Systems and Software, or on intelligent systems such as Computational
Intelligence and Neuroscience and International Journal of Fuzzy Systems. This understanding
may convey the cluster’s focus on intelligent systems in the software development research area.
Additionally, Table 33 lists the cluster’s articles by their total citations and total links. It becomes
apparent that Pospieszny et al.'s, 2018's article on An effective approach for software project effort
and duration estimation with machine learning algorithms is the most influential in the network
and of the entire bibliographic coupling network.

37

This Table lists the process of defining the emerging trend of the yellow cluster. The main topics of the yellow

cluster are compared with the topics of the co-citation analysis. Thereby, the analysis identifies emerging topics in the
yellow cluster. The Emerging Trend is defined by ranking the Emerging Topics by the number of occurrences in the
yellow cluster.
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Table 32 - Gray cluster sources38
Sources
Journal of Software: Evolution and Process
IEEE Access
Computational Intelligence and Neuroscience
International Journal of Fuzzy Systems
Journal of Systems and Software

Count
1
1
1
1
1

Percentage
20%
20%
20%
20%
20%

Focus
Software Engineering
Multi-disciplinary
Artificial Intelligence
Artificial Intelligence
Software Engineering

Source: Table elaborated by the author.
Additionally, Software Development Effort Estimation Using Regression Fuzzy Models by Nassif
et al. (2019) stands out in terms of total citation. Both articles focus on software development effort
estimation, which supports the notion gained from the analysis of journal sources.
Table 33 - Gray cluster articles and importance ranking 39
Article
Pospieszny P, 2018
Nassif Ab, 2019
Pandey P, 2020
Mitrovic Zm, 2020
Hosni M, 2021

Total-Citations
93
32
5
0
0

Total link
11
13
9
15
11

Source: Total-Citations according to Google Scholar, on June 14, 2021. Total links according
to Bibliographic-Coupling Analysis. Table elaborated by the author.
Complementarily to the descriptive analysis, insights from the content analysis confirm that the
research focus of the gray cluster covers quantitative effort estimation of software development
projects. This understanding aligns with the insights gained from the descriptive analysis. It derives
from the four main topics of the cluster: software Project Management, system development effort
estimation, critical success factors, and data quality, evaluation criteria. Table 34 defines the four
main topics of the gray cluster. The summary of the content analysis is found in Appendix K.

38
39

This table lists the Journals pertinent to articles of the gray cluster.
This Table lists the research articles of the gray cluster in order of Total Citations.
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Table 34 - Main topic definition for gray cluster40
Main topic

Definition

Software Project Management

Discipline of planning and leading software development projects

Critical success factors

Most relevant factors to estimate project effort

Software project prediction

Intelligent systems to forecast software project outcome by effort or
success

Data limitation

Noise or irregularities in the provision and application of data that is
inputted into construction cost estimation models

Source: Table elaborated by the author.
Despite the cluster’s size, it seems considerable that all articles of the gray cluster research on
prediction models for software development projects. In the context of software development
projects, three interesting discussions are addressed. First, the majority of authors analyze critical
success factors for software effort estimation models. As graphed in Figure 12, the majority of the
models apply either hybrid or ensemble methods.

In particular, one of the authors’ objectives is to optimize input factors without sacrificing
predictive power. Such optimization benefits reducing the risk of overfitting and decreasing model
computation time (Hosni et al., 2021). For his assessment, Hosni compared Single algorithms such
as NN, CBR, SVM, and CART with their respective ensemble, proving the superior performance
of ensemble methods.
A favored method for reducing input factors is applying filter selection methods such as ANOVA,
Pearson correlation, and variance thresholding to exclude non-influential factors (Hosni et al.,
2021; Pospieszny et al., 2018). Another method is to benchmark effort estimations based on
various forecast simulations under different input factor combinations. This method, however,

40

This Table lists the patterns of conversation focus of the gray cluster as main topics.
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requires to additionally simulate the parameter weighting among the input factors (Nassif et al.,
2019).
Figure 12 - Algorithm occurrence by type in the gray cluster41
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Source: Figure elaborated by author.
In reverse to assessing input factors, an innovative approach is presented to maintain input factors
stable but consider multiple output scenarios. This method is proposed by Mitrović et al. (2020),
who aims to estimate project success accounting for specific degrees of complexity. Simulating
complexity requires to resemble different demand conditions towards the project outcome under
system thinking conditions. Hence, project success forecast is benchmarked in scenarios that
expect different outputs.
In the context of input factor assessments, the authors also discuss the influence of noisy and
missing data. Nassif et al. (2019) assess model performance under different degrees of data
outliers. Pospieszny et al. (2018) combine ensemble methods to reduce the influence of noisy data
towards abnormal algorithmic behavior.

41

This Figure presents the number each type of algorithm occurred in articles of the gray cluster.
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In addition, Table 35 outlines the methodologic approaches used by the gray cluster articles.
Notably, all articles are analytical, and none of applied. Indeed, Pospieszny et al. (2018) remark
that simulated models require testing in case studies for further development.
Table 35 - Methodologic approach of gray cluster articles42
Methodologic approach

Count

Percentage

Conceptual

0

0%

Analytical

5

100%

Empirical

0

0%

Applied

0

0%

Source: Table elaborated by the author.
Lastly, to identify the emerging trend of the gray cluster, the main topics were compared with the
content of the co-citation analysis. Table 36 outlines how the research domain has seen
development on the topics of Critical Success Factors, Software Project Prediction, and Data
Limitation. For Critical Success Factors, research demonstrates increased effort in applying
intelligent algorithms in optimizing the selection and parameterization of variables to raise model
accuracy (Hosni et al., 2021; Nassif et al., 2019; Pospieszny et al., 2018).
A further evolving discussion revolves around overcoming data limitations by rendering
algorithms increasingly more tolerant to noisy and missing data. Such algorithms are
predominantly Hybrid and Ensemble Methods (Hosni et al., 2021). Given the presented
understanding of the emerging discussions in the cluster, it becomes apparent that the emerging
trend is input factor optimization for more robust and accurate software effort estimation.

42

This table lists the methodologic approaches attributed to articles of the gray cluster
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Table 36 - Definition of emerging trend of gray cluster43
Main Topic
Software Project
Management
Critical success
factors

Software project
prediction
Data limitation

Coverage in co-citation/
Major differences of orange cluster
Yes/No

Emerging
topic
-

Occurrence
-

Emerging
Trend
-

Yes/Reducing the number of input
variables through applying filter selection
methods to increase model accuracy
Yes/ simulation of input factor weighting
for optimal effort estimation accuracy
Yes/Input variable selection and
parametrization with system thinking
according to desired output scenario

Input factor
optimization

75.0%

Yes

Input factor
optimization

25.0%

No

Yes/Increased tolerance for noisy and
missing data with Hybrid and Ensemble
Methods

Increased data
robustness

25.0%

No

Source: Table elaborated by the author

4.2.4

Violet cluster

The violet cluster contains 14 articles, being the largest of the four clusters. As can be seen in
Table 37, sources vary among cluster articles. Then again, further analysis on the focus of each
journal reveals that 21% of the journals focus on Construction Management. Additional 14% focus
on Industrial Engineering.
Another 14% of the journals focus on intelligent systems, namely the International Journal of
Computational Intelligence Systems and Expert Systems with Applications. These insights may
provide an understanding of the research domain of the violet cluster. Hence, the cluster addresses
construction and industrial engineering, and intelligent systems to a certain degree.

43

This Table lists the process of defining the emerging trend of the gray cluster. The main topics of the gray cluster
are compared with the topics of the co-citation analysis. Thereby, the analysis identifies emerging topics in the gray
cluster. The Emerging Trend is defined by ranking the Emerging Topics by the number of occurrences in the gray
cluster.
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Table 37 - Violet cluster sources44
Sources
Engineering, Construction, and Architectural Management

Count
2

Percentage
14%

IEEE Transactions on Engineering Management
Intl. Journal of Computational Intelligence Systems

1
1

7%
7%

Intl. Journal of Management Science and Engineering Management

1

7%

Journal of Construction Engineering and Management

1

7%

Sustainability
Journal of Risk and Uncertainty in Engineering Syst.
Intl. Journal of Ind. Engineering and Production Research

1
1
1

7%
7%
7%

Computers & Industrial Engineering

1

7%

Journal of Construction in Developing Countries

1

7%

Benchmarking: An International Journal

1

7%

Expert Systems with Applications

1

7%

Energies

1

7%

Focus
Construction
Management
RD&E1
Artificial
Intelligence
Engineering and
Management
Engineering and
Management
Sustainability
Engineering Risk
Industrial
engineering
Industrial
engineering
Construction
Management
Organizational
Management
Artificial
Intelligence
Multi-disciplinary

Source: Table elaborated by the author. RD
Complementary to the descriptive analysis, the content analysis of the violet cluster identifies the
cluster’s focus on project risk management in construction Project Management. This
understanding was gained by identifying the six main topics addressed by the violet cluster’s
articles: project risk management, critical risk factors, risk estimation, factor interdependence, cost
and schedule estimation, and risk mitigation. Table 39 defines the six main topics of the violet
cluster. The summary of the content analysis and the analysis of the most frequent keywords is
found in Appendix L.

44

This table lists the Journals pertinent to articles of the violet cluster. RD &E stands for Research Development, and
Engineering.
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Table 38 - Violet cluster articles and importance ranking 45
Cited Reference
Gondia A, 2020
Islam Ms, 2019
Aladag H, 2020
Shishodia A, 2018
Lu Wx, 2017
Ghosh M, 2017
Garcia Jal, 2017
Moreno-Cabezali Bm, 2020
Kim Mh, 2019
Kumar M, 2017
Nasirzadeh F, 2019
Raoufi M, 2018
Kifokeris D, 2018
Renuka Sm, 2018
Seresht Ng, 2018
Jang Y, 2021

Total-Citations
34
22
18
15
14
13
12
8
7
5
5
5
4
4
1
0

Total links
14
20
9
19
15
14
11
16
14
17
12
16
22
16
22
14

Source: Total-Citations according to Google Scholar, on June 14, 2021. Total links according
to Bibliographic-Coupling Analysis. Table elaborated by the author.
Most papers propose computational approaches to identifying the most critical factors. From the
assessment of the main topics, two underlying discussions appear noteworthy. First, Islam et al.
(2019) point out the need to reduce human intervention in defining input and parameter weights.
This reduction would reduce a model’s risk of input bias. Then again, it seems surprising that other
authors resort to expert opinion and questionnaires to aliment intelligent risk management models.
For example, Aladağ & Işik (2020) rely on the input of experts to identify critical stakeholder risks
for a public-private partnership airport project. Wenxue et al. (2017) and Moreno-Cabezali &
Fernandez-Crehuet (2020) resort to questionnaires to collect data on risk factors. These authors
compute the level of relevancy of the risk factors towards construction building and manufacturing
R&D projects, respectively.

45

This Table lists the research articles of the violet cluster in order of Total Citations.
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Such approaches to data collection stand in contrast to models that exclusively rely on historical
project data. For example, Gondia et al. (2020) propose an exploratory data analysis to find
interdependencies of delay-inducing risk factors. The analysis is performed on a multivariate data
set consisting of historic project time performances.
Table 39 - Main topic definition for the violet cluster46
Main topic

Definition

Project risk management

Discipline of planning and leading software development projects

Critical risk factors

Risk factors with high impact on the project or high probability of
occurrence

Risk estimation

Probabilistic or absolute risk impact estimation on project cost or schedule

Factor Interdependence

Assessment of correlation and causality among risk factors

Cost and schedule estimation

Process and technique of predicting the total cost or schedule time of
projects

Risk mitigation

Preventative measures to reduce risk exposure

Source: Table elaborated by the author.

Islam et al. (2019) pinpoint the most critical risks to power plant projects by identifying the
probabilistic causal relationships among risk factors based on a Fuzzy Bayesian Hybrid model.
Nasirzadeh et al. (2019) assess construction risk through Fuzzy Logic feedback loops based on the
impacts triggered through construction claims. The author assesses the consequences thereof in
cost terms and identifies interdependencies among claims to reveal the likelihood of cumulative
impacts.
Jang et al. (2021) proposed a different approach to risk identification. The authors classify bid
pricing documents through text analysis. The classified keywords and metrics are benchmarked
with bid variances to identify critical risk factors. Other models extend their capability from risk

46

This Table lists the patterns of conversation focus of the violet cluster as main topics.
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identification to estimating project cost and time through risk probability measures (Ghosh et al.,
2016; Gondia et al., 2020; M.-H. Kim & Lee, 2019).
The second discussion considers models that facilitate decision-making for risk mitigation scenario
planning. One such Hybrid model runs trade-optimization using Monte-Carlo simulation and GA
to forecast cost mitigation plans equipped with probabilistic estimates (M.-H. Kim & Lee, 2019).
Alternatively, Ghosh et al. (2017) also propose a model that runs sensitivity analysis to determine
crucial project tasks by cost and time effort. Thereby, users can coordinate resources based on
probabilistic forecasts and minimize sensitivity.
Figure 13 - Algorithm occurrence by type in the violet cluster47
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Source: Table elaborated by author.
The degree to which different algorithm types are used in the violet cluster is shown in Figure 13.
In the cluster context, Bayesian Networks were frequently embedded in Hybrid Methods and used
predominantly for probabilistic inference among a set of variables (Ghosh et al., 2016). ANN is
mainly used for best curve-fit in forecasting and optimization (M.-H. Kim & Lee, 2019). FL rulebased algorithms primarily serve the assumption of uncertainty during the risk assessment stage
(Nasirzadeh et al., 2019).

47

This Figure presents the number each type of algorithm occurred in articles of the violet cluster.
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The insights from the content analysis are complemented by the analysis of methodologic
approaches outlined in Table 40. Among the cluster papers, only two papers were labeled as
empirical. On the one hand, García et al. (2017) compares the trends and challenges in project risk
control through computational methods and derive tendencies and improvement areas. On the
other hand, Shishodia et al. (2018) benchmark multiple projects based on their risk profile,
determining the most relevant risk categories and showcasing their differences across industries.
Table 40 - Methodologic approach of violet cluster articles48
Methodologic approach
Conceptual
Analytical
Empirical
Applied

Count
0
9
2
3

Percentage
0%
64%
14%
21%

Source: Table elaborated by the author.
Additional three articles are of applied nature. In these papers, the authors apply novel intelligent
risk management methods in practice. For example, Nasirzadeh et al. (2019) apply a Hybrid Fuzzysystem Dynamics to classify construction claims and project cost impacts. Still, most articles are
analytical, which predominantly present risk assessment models to identify the most critical risk
factors. Such papers are brought forward by (Ghosh et al., 2016; Gondia et al., 2020; Islam et al.,
2019; Moreno-Cabezali & Fernandez-Crehuet, 2020; S M & Umarani, 2019; Wenxue et al., 2017).
Lastly, the insights of the content analysis are applied to identify the emerging trend of the violet
cluster. This process is mapped by Table 41, which describes the significant differences in
discussions within the violet cluster and those in the co-citation analysis, thereby highlighting the
emerging topics in the field. Such emerging topics encompass the automation of risk factor
identification, spanning from identifying causality among factors (Islam et al., 2019) to assessing
construction claims' cost and schedule impact (Nasirzadeh et al., 2019).

48

This table lists the methodologic approach attributed to articles of the violet cluster
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Table 41 - Definition of emerging trend of violet cluster49
Main Topic
Project risk
management
Critical risk factors

Risk estimation
Factor
Interdependence
Cost and schedule
estimation
Risk mitigation

Coverage in co-citation/
Major differences of orange cluster
No

Emerging
topic
-

Yes / Automated risk causality assessment
Text analysis for risk metrics
classification
Consideration of stakeholder risk
No
No

Automation of
risk factor
identification
Text Analysis

Yes / Probabilistic inference of cost and
schedule through Hybrid methods
No / Risk mitigation planning through
risk probability/sensitivity simulation

Risk mitigation
planning
Risk mitigation
planning

-

Occurrence
-

Emerging
Trend
-

6.25%

-

6.25%
6.25%
-

-

12.5%

Yes

18.8%

Yes

Source: Table elaborated by the author
Still, the most discussed emerging topic addresses risk mitigation planning, which uses probability
optimization models to simulate scenarios (Ghosh et al., 2016; I. Lee & Shin, 2020). Through this
understanding, the emerging topic attributed to the violet cluster is labeled as Risk Mitigation
Scenario Planning. This trend implies an enhancement of existing risk identification and
estimation models by enlarging their scope to risk mitigation.

4.2.5

Value Proposition for research trends

The bibliographic coupling analysis yields a network of four clusters. These clusters are analyzed
through both a descriptive and content analysis. By comparing the academic development in the
main topics of each cluster, the current research trends on AI in Project Management can be
defined, answering this thesis’ second research question (RQ 2).
Figure 14 synthesizes the emerging trend of each cluster, representing the research domain's
emergent literature and potential future direction. The benefit of Figure 14 is to illustrate concisely

49

This Table lists the process of defining the emerging trend of the violet cluster. The main topics of the violet cluster
are compared with the main topics of the co-citation analysis. Thereby, the analysis identifies Emerging Topics in the
violet cluster. The Emerging Trend is defined by ranking the Emerging Topics by the number of occurrences in the
violet cluster
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the most frequently discussed recent developments in each cluster. This illustration supports
academics and practitioners in gaining a quick and robust intuition of the emerging directions of
the research discipline. It is important to consider that among each cluster, various emerging topics
are in discussion. These topics were excluded from Figure 14, given their lower frequency of
occurrence in each cluster. Nonetheless, it is advisable to consider emerging trends in
consideration of the other emerging topics.
Figure 14 - Research trends on Artificial Intelligence in Project Management50

Automated, explainable, and
robust cost estimation in
construction Project Management

Intelligent Project control through
earned value management models

Artificial
Intelligence in
Project Managment
Risk mitigation scenario
modelling
in construction management

Optimized input factors for
more robust and accurate software
effort estimation

Source: Figure elaborated by the author.

4.3

Keyword co-occurrence analysis

This section responds to the third research question, which addresses the main building blocks of
the research discipline of AI in Project Management. In response to RQ 3, a co-word analysis is
performed on the merged WoS/ Scopus database within the Bibliometrix software. To conduct the
co-word analysis on the Bibliometrix software, the analysis type ‘co-occurrence’ under the tab
‘conceptual structure” was selected. Under the tabs of ‘Network parameter,’ the unit of analysis

50

This Figure represents the Emerging Trends in Artificial Intelligence in Project Management. It synthesizes results
of comparing Emerging Topics in the Bibliographic-Coupling Network with topics of the Co-Citation Network.
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was set to ‘Author’s keywords.’ Due to the abundance of keywords embedded in the prepared
database, the synonymous keywords with different spelling were standardized for the algorithm to
identify them as a single word.
As a measure of the keywords’ importance, the minimum number of occurrences was set to 8,
resulting in 78 keywords. Figure 15 graphs the Co-Word Network, linking keywords by jointoccurrence in the research domain (Zupic & Čater, 2015). The most prominent keyword is "Project
Management," which accounts for a total of 169 occurrences. Interestingly, significant components
of the central nucleus are AI technologies such as ‘artificial neural network’ with 142 occurrences,
‘fuzzy logic’ with 89 occurrences, ‘Artificial Intelligence’ with 49 occurrences, and finally
‘Bayesian Network’ with 47 occurrences.
Additionally, the map portrays many terms which were associated with the three pillars of
knowledge building. For SEE, keywords list software development, software cost estimation,
software effort estimation, software engineering, and software project. For PRM, keywords
appearing on the network are project risk management, project risk, risk analysis, risk
identification, and risk assessment. Lastly, for CCE, associated keywords encompass construction
management, construction project, construction industry, and EVM.
Furthermore, the keyword co-occurrence analysis was expanded to incorporate a word
classification by central poles, as proposed by (Courtial et al., 1984). This concept suggests
classifying the keywords into three poles: the central, intermediate, and outer poles. The central
pole presents the most frequently represented keywords, thereby assuming the general interest of
the research area. The intermediate pole counts keywords with moderate frequency. It thereby
describes subjects complementary to the general interests of the research area. Finally, the
peripheral pole encompasses the least counted keywords and represents specific topics of interest
in the research area (Courtial et al., 1984).
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Figure 15 - Keyword co-occurrence analysis for literature on AI in Project Management51

Source: Figure elaborated by the author.
To segregate the keywords into the three described poles, the total links of each keyword were
calculated. Hence, the central pole counts keywords with 45 minimum links, the intermediary pole
44 to 20, and the outer pole 19 and lower. By this arrangement, Figure 16 was mapped. It represents
the most relevant topics within the conceptual structure of AI in Project Management.

51

This Figure maps the Keywords in the Research Domain of Artificial Intelligence in Project Management. The
Figure is computed by Co-Word analysis in Bibliometrix.
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Figure 16 - Keyword pole classification in the literature on AI in Project Management52

Source: Figure Elaborated by the Author.
By classifying the keywords into the two separate disciplines of Artificial Intelligence and Project
Management, an understanding of the topics of interest to AI in Project Management from each
separate discipline is given.

52

This Figure classifies the Keywords of the Research Domain of Artificial Intelligence in Project

Management. It groups the keywords by Poles, which separate keywords by their number of
occurrence in the research domain, thereby presenting a classification by degree of importance.
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A closer look into the AI Keywords within the Central Pole reveals that dominant intelligent
algorithms are listed, such as ANN, Fuzzy Logic, and Bayesian Network. This selection of
keywords appears intuitive since a large part of research papers assesses in the context of the cocitation and bibliographic coupling simulates these algorithms. ANN is considerably applied in
cost, schedule, and performance estimation, while Bayesian Network is almost exclusively applied
in risk prediction. Likewise, Fuzzy Logic is used for both purposes.
Additionally, a view at the keywords in the intermediary pole reveals sub-topics associated with
Project Management such as Earned Value Management, Risk Management, Risk Assessment,
Prediction, Cost Estimation, or Risk Analysis. It appears noteworthy that each of these sub-fields
was extensively discussed in the context of the co-citation and bibliographic coupling analysis.
Based on the examples described, the keyword pole classification provides academics and
practitioners alike a structured and consolidated view of the main fields of relevance within the
research domain.
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5

Discussion

This thesis computes a bibliometric co-citation and bibliographic coupling network. The cocitation network represents the intellectual structure of AI in Project Management. It contains 40
articles, with publishing intervals from 1965 and 2015. This interval implies that the major
concentration of highly-cited articles on AI in Project Management was published between 1965
and 2015. Still, it appears intuitive that no articles post-2015 appear in the co-citation network
since they are more recent and less cited.
Furthermore, the bibliographic coupling network represents the emerging themes of the research
domain as it exclusively contains articles published post-2017. By comparing the findings from
the two networks, a more vigorous academic discussion between the intellectual structure and the
emerging trends is obtained (Zupic & Čater, 2015).
The bibliometric analysis defines two networks. On the one hand, the co-citation network
identified three clusters denominated Software Effort Estimation (SEE), Project Risk Modeling
(PRM), and Construction Cost Estimation (CCE). On the other hand, the bibliographic coupling
network identified four clusters: Model Automation, Explainability and Robustness, Project
control, Risk Mitigation, and Input Factor Optimization. It appears reasonable that the research
domain's intellectual structure is more homogenous than the emerging themes.
The research methodologies used in the emerging works are also predominantly more analytical
than those of the intellectual structure, as shown in Figure 17. This difference can partly be
reasoned by the disappearance of conceptual papers in the emerging work and the growing focus
on simulations of predictive analytics.
For this discussion, it appears beneficial to organize the scientific discourse by the intellectual
structure of the co-citation analysis. Hence, it is structured by the themes of Software Effort
Estimation, Project Risk Modeling, and Construction Cost Estimation.
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Figure 17 - Distribution of research methodologies applied by each cluster53
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Source: Figure elaborated by the author.
The comparison between Co-Citation Analysis and Bibliographic-Coupling is held on the
assumption that clusters from the Bibliographic Coupling analysis can be mapped to those of the
Co-Citation analysis. This mapping is outlined in Figure 18. From this standpoint, the discussion
addresses the state of knowledge according to the co-citation clusters. It contrasts it with the state
of knowledge in the bibliographic-coupling clusters.
Thereby, the discussion seeks to identify the changes that occurred between the state of knowledge
in Co-Citation Clusters and Bibliographic Coupling. This comparison may present a dynamic view

53

Figure presents the breakdown of Articles of the Co-Citation and Bibliographic-coupling Network by Methodologic
Approach.
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of the development of the research domain, given that the co-citation clusters cover break-through
and fundamental research papers while bibliographic-coupling clusters cover recently published
papers (Zupic & Čater, 2015). This dynamic assessment presents opportunities to identify whether
research topics are ongoing or emerging topics, whether certain topics seized to be relevant, and
whether there exist gaps in the literature. A summary of the discussions between Co-Citation and
Bibliographic-coupling is found in Appendices M – O.
Figure 18 - Discussion mapping between Co-citation and Bibliographic-coupling clusters54

Source: Figure elaborated by the author.
Complementarily, the discussion is further formulated around the insights from the literature
review, where AI was described by its technical building blocks, challenges, and industry adoption.
Comparing the insights from the literature review with the analysis from this thesis may reveal
relevant insights towards future research in the domain. Appendix P summarizes the discussion
between the main topics of the literature review and the bibliometric analysis.
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This Figure maps Co-citation clusters to Bibliographic-coupling clusters by their similarity in Topic focus. This
mapping structures the discussion on both Bibliometric analyses.
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5.1

Software Effort Estimation

Most of the main topics for Software Effort Estimation (software sizing, effort estimation,
estimation accuracy evaluation, and data limitations) are still relevant in the emerging literature.
Appendix M outlines the comparison of topics related to Software Effort Estimation in both the
Co-Citation and the Bibliographic-Coupling analysis.
The intellectual structure focuses predominantly on encountering the most suitable methods to
define software sizing (Albrecht & Gaffney, 1983; Boehm, 1983; Putnam, 1978; Shepperd &
Schofield, 1997) or the most valid metric for estimation accuracy evaluation (Foss et al., 2003;
Gray & MacDonell, 1997). Emerging literature, however, appears to make use of somewhat
standardized software sizing and estimation accuracy evaluation metrics.
For software sizing, emerging literature uses Lines of Code and Function Points (Nassif et al.,
2019; Pospieszny et al., 2018). Users of FP can even resort to vast standardized databases with
historic software project data for simulation input purposes called the ISBSG (Nassif et al., 2019;
Pospieszny et al., 2018). For estimation accuracy metrics, the emerging literature appears to apply
a combination of various established metrics or derivations thereof, acknowledging the advantages
and shortcomings of each (Nassif et al., 2019; Pospieszny et al., 2018; Wauters & Vanhoucke,
2017).
More recently, the focus of research has expanded within the topics of effort estimation. Many
authors research the most suitable method for excluding unreliable input factors (Hosni et al.,
2021; Nassif et al., 2019; Pospieszny et al., 2018). By identifying critical success factors, software
prediction models may benefit through increased accuracy, reduction of overfitting, and a decrease
in computation time (Hosni et al., 2021). The research also covers benchmarking different effort
estimation algorithms and their ensemble counterparts to assess the relevance of input factors to
the algorithms (Hosni et al., 2021). Likewise, the topic concerns the relevance of different input
factors under alternative software sizing methods (Pospieszny et al., 2018).
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The role of critical success factors is further discussed in the context of causality and equifinality.
For example, Mitrović et al. (2020) probe the connectedness between critical success factors and
project success under varying project characteristics or multiple outcome variations. This
increased focus on input factors rationalizes its consideration as an emerging trend in the
bibliographic analysis.
Lastly, the intellectual structure covers data limitation mostly since insufficient and irregular data
input was available for effort estimation models (Boehm, 1983; Srinivasan & Fisher, 1995). In
emerging literature, the constraint of sufficiency appears to be resolved by databases such as the
ISBSG (Nassif et al., 2019). Emerging literature, however, recognizes the noise in data as an
obstacle to accurate effort prediction and studies its degree of impact on estimation models (Nassif
et al., 2019). Other approaches consider attempts to reduce the influence of noisy data by creating
more robust ensemble methods (Pospieszny et al., 2018). The topic of data limitations appears to
be a continuous one for the research domain and demands further development.
The development of Software Effort Estimation has emphasized the importance of optimizing
input factors for a more robust and accurate software effort estimation. This emerging field of
interest is accompanied by the need for dealing with noisy data, an established main topic since
the intellectual structure.

5.2

Project Risk Modeling

It is possible to note that the main topics on Project Risk Modeling (risk prediction, causality,
critical risk factors, information constraint and bias, and data learning) are only in part discussed
in the emerging literature. Appendix N lists the compared topics related to Project Risk Modeling
in both the Co-Citation and the Bibliographic-Coupling analysis.
In the articles on the intellectual structure, the discussion on data learning stressed the capacity of
models to be updated upon arrival of new data (Fan & Yu, 2004; Khodakarami & Abdi, 2014).
This feature is scarcely addressed in the emerging articles where Islam et al. (2019) emphasize the
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need for dynamic risk assessment models. Such models require adaptation to new data as a project
progresses. The little attention given to the topic may indicate its low relevance to the research
domain, a hypothesis subject to further evaluation.
Furthermore, the emerging literature has expanded on the focus of risk prediction towards a focus
on risk mitigation, one of the emerging trends identified in the previous section. Risk prediction
mainly quantifies impact uncertainty in terms of cost (Khodakarami & Abdi, 2014), delay (Luu et
al., 2009), or performance (Fan & Yu, 2004; Hu et al., 2013; Kuo & Lu, 2013; I. Lee & Shin,
2020). Emerging approaches for modeling risk show considerable enhancements by incorporating
mechanisms of simulating scenarios with different input variables and coefficients.
To model scenarios, Ghosh et al. (2017) apply sensitivity analysis through Bayesian Networks on
a pre-established cost estimation model through which cost or time-sensitive tasks can be
identified. Changes in input variables derived from hypothetic migration measures may cause
variations in the sensitivity measurement through which the mitigation outcome can be estimated.
Kim & Lee (2019) combine ANN, Monte-Carlo simulation, and Genetic Algorithms to calibrate
the optimal use of project resources for a defined project outcome. By comparing this calibration
to current project outcome estimations, a cost mitigation plan can be defined. Kumar (2017)
proposes an FL model to evaluate alternative response scenarios to defined risks, accounting for
uncertainty in the risk evaluation process. Since there appears to be little standardization in risk
mitigation scenario forecasting, collaborative research on the existing models may prove
beneficial. Lastly, a relevant topic that has been debated in both the intellectual structure literature
and the emerging literature is data limitation and bias (Dikmen et al., 2007; Fan & Yu, 2004; Islam
et al., 2019).
Researchers in the foundational literature claimed a lack of historic data for risk identification and
estimation. Consequently, these researchers resorted to expert knowledge input (Dikmen et al.,
2007). In the emerging literature, however, most researchers propose risk identification and
estimation models that depend on historical data input (Gondia et al., 2020; Islam et al., 2019;

109

Nasirzadeh et al., 2019; S M & Umarani, 2019). Then again, some researchers in the emerging
cluster continue to resort to human interference and rely on expert input (Aladağ & Işik, 2020) or
questionnaires (Moreno-Cabezali & Fernandez-Crehuet, 2020; Wenxue et al., 2017) for model
input and calibration. Given the discrepancy in used methods for data input sourcing, it appears
beneficial to further assess the optimal use-cases of human interference.
The discussion on the development of project risk modeling highlights the importance of risk
mitigation scenario modeling to general risk prediction. This emerging trend appears to demand
coordinated research since the methods applied to the same end vary considerably. Additionally,
the discussion concerns the negligence of data learning in emerging literature and the ongoing
debate between using human-defined input variables or historical project data for risk modeling.

5.3

Construction Cost Estimation

It is observed that the main topics addressed within construction cost estimation (cost and schedule
estimation, information constraint and bias, and earned value) are of principal relevance to the
emerging research. Appendix O summarizes the comparison of topics related to Construction Cost
Estimation in both the Co-Citation and the Bibliographic-Coupling analysis.
Research from the intellectual structure faced difficulties creating conceptual cost estimation
models due to three main hurdles. First, noisy input data falsified forecast estimates (Adeli & Wu,
1998). Second, outputs were uncomprehensive due to the complexity of the algorithms (Hegazy
& Ayed, 1998; G.-H. Kim et al., 2004). Third, data preparation and model parametrization were
time-intensive and human bias-prone endeavors (M.-Y. Cheng & Wu, 2009). The emerging
literature extensively addresses these challenges. It recommends enhancing algorithms through
Hybrid and Ensemble Methods to increase the automation, explainability, and robustness of cost
estimation models in construction management.
Emerging literature proposes applying Ensemble Methods and DNNs for superior performance
under noisy data circumstances by decreasing the model sensitivity to outliers or missing data
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(Elmousalami, 2021; Xue et al., 2020). Explainability is also vigorously discussed in the emerging
literature, as increasingly complex models are applied to identify complex patterns through higher
dimension non-linear functions. The increased accuracy and robustness to noisy data sacrifices the
explainability of the output results (Elmousalami, 2019, 2020; Tayefeh Hashemi et al., 2020).
Among the algorithms capable of dealing with noisy and complex data, CBR algorithms are the
most intuitive. At the same time, ANN, DNN, SVM, and their respective hybrid and ensembles
score low in explainability (Elmousalami, 2021; Xue et al., 2020). Given that little emerging
research is applied in practice, the trade-offs between the three factors of robustness to noisy data
and explainability demand empirical insights from field practitioners. Thereby research efforts can
be prioritized according to practical demand.
Furthermore, research in the intellectual structure claims that having humans interfere less in
model parametrization is key to reducing biased data input (Cheng & Wu, 2009). The emerging
literature addresses this claim by dedicating significant research to automating cost driver
identification. On the one hand, researchers seek to reduce human intervention by automating the
identification and parametrization of input factors, thereby limiting the risk of using biased data
(Elmousalami, 2021; Tayefeh Hashemi et al., 2020).
On the other hand, researchers attempt to reduce the number of input factors, thereby increasing
the accuracy of forecast estimates and reducing model sensitivity and computation time (Qiao et
al., 2019a; Tayefeh Hashemi et al., 2020). Authors apply statistical methods to derive the most
significant cost drivers through factor analysis, regressions, and correlation matrix scanning
(Elmousalami, 2021). Research indicates a further need to assess cost driver identification through
FL-GA hybrid methods. In such models, Fuzzy Logic accounts for the uncertainty involved in
simulating human input decision-making, thereby reducing the risk of human bias in data input
(Elmousalami, 2020).
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The discussion on the enhancements in project cost estimation found in the emerging literature
highlights the emerging trend of automated, explainable, and robust cost estimation. It is also
possible to note that the discussion on earned value has increased substantially since the
intellectual structure.
The intellectual structure addressed earned value in a rather conceptual manner, highlighting the
fundamentals of EVM (Anbari, 2004; Barraza et al., 2004; Lipke, 2003). The emerging literature,
however, applies EVM in intelligent systems, estimating project performance. The emerging
approach is comparable to conceptual cost and schedule estimation methods described earlier.
Then again, earned value performance predictions differ from conceptual cost estimations. While
cost estimation models solve for estimated total budget or schedule, earned value performance
predictions solve for Estimate at Completion (EAC). EAC is based on the variables proposed by
the EVM methodology. Hence, the EVM standardizes project performance computation by
denominating project cost and schedule metrics as earned value (Anbari, 2004).
Another difference between cost estimation and EVM models is their use case in the project life
cycle. While conceptual cost estimation models appear to be used exclusively during the project
planning phase to quantify expected cost, such estimations appear in a rather dynamic project
setting when combined with EVM (M.-Y. Cheng et al., 2010; Elmousalami, 2021; Hegazy &
Ayed, 1998). The potential of dynamic EVM-based intelligent systems comes from applying
probabilistic theory on forecasts for cost and schedule overruns. By continuously updating these
forecasts, the dynamic EVM-based system functions as a project control system (Firouzi &
Khayyati, 2020; Hajialia et al., 2020; Kamoona & Budayan, 2019).
Emerging research also studies how to determine best the most accurate value drivers and their
respective coefficients to earned value. These optimizations can reduce model output variance to
EAC (Balali et al., 2020; Kamoona & Budayan, 2019). The discussion on EVM-based intelligent
systems and their potential to serve as a project control mechanism highlights the topic's relevance
as an emerging trend in the research domain. Researchers advocate future studies to apply
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suggested models in practice (Kamoona & Budayan, 2019; Wauters & Vanhoucke, 2017) and
benchmark existing simulations with alternative algorithms (Firouzi & Khayyati, 2020; Wauters
& Vanhoucke, 2017).

5.4

Comparison between literature review and bibliometric analysis

The literature review assesses Artificial Intelligence through three primary lenses: technical
building blocks, challenges, and adoption across industry sectors. The bibliometric analysis
focuses on AI in Project Management. The comparison between the two may provide insights into
open research topics for AI in Project Management. Appendix P lists the compared topics related
to the literature review and the Bibliometric Analysis.
Concerning the technical building blocks of AI, it appears noteworthy that neither NLP nor
Computer Vision have been much researched in the bibliographic analysis. The only articles
covering NLP were published by Martinez-Rojas et al. (2018) on project cost estimation and Jang
et al. (2021) on project risk modeling. Martinez-Rojas et al. classify work descriptions in the
project bill of quantities document into predefined task organization hierarchies and generate
variable inputs for cost estimations in construction Project Management. Jang et al. (2021) propose
a classification algorithm that sources input from text analysis on bid documents to estimate ranges
for risk buffers.
Then again, there appears to be potential for further research on NLP. An example may be
automating the procurement of input data for cost estimate and risk management models from
written project documentation. Concerning the technical building block of computer vision, no
use-cases have been identified in the literature of the bibliographic analysis. Potential applications
for Computer Vision in Project Management may hence be a future area of study.
The literature review also discusses challenges to AI. It appears curious that the economic
challenge, which addresses the high financial burden required by companies to run AI systems
(Bughin et al., 2018), is not researched by emerging articles. It may prove beneficial for future
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researchers to compare forecast models by their financial burden to companies. This additional
evaluation criterion would provide a more holistic understanding of the benefits and drawbacks of
the different models discussed in this thesis.
An additional point of discussion raised in the literature review is the adoption of AI across
industries, where telecommunication, high tech, and utilities ranked as the most advanced sectors.
According to Figure 19, the emerging literature on AI in Project Management primarily covers
four industries: building construction, road/highway construction, utility construction, and
software development. Other industries include airport construction, shipbuilding, or
manufacturing R&D. It appears significant that only software development and utilities are
represented among the frontrunners of AI adoption while building and road construction appear as
laggards.
Figure 19 - The research paper focus on AI in Project Management by industry55
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Source: Figure elaborated by the author.
Hence, there appears to be room for further studies on assessing the dominance of construction
and software project management combined with AI. An initial hypothesis may be that Building

55

This figure breaks down the industrial orientation of articles in the Bibliometric Co-Citation and BibliographicCoupling network by industry.
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Construction and Software Development are industries that apply the project management
knowledge body. Moreover, they appear to have enhanced data collection capabilities compared
to other industries. Given these hypotheses, it appears important to identify the state of research
on AI in Project Management for other project-driven industries, such as Aerospace or Motion
Picture.

5.5

Discussion of process improvements and practical implications

This section discusses the practical implications of this thesis. It presents the improvements AI
brings to Project Management processes. These can be derived from the co-citation and the
bibliographic-coupling analysis. The process improvements are presented in accordance and
sequence with the intellectual structure of the research domain: Software Effort Estimation, Project
Risk Modeling, and Construction Cost Estimation.
The Project Management process improvements for each pillar of the intellectual structure are
presented with their underlying algorithms, complementary methodologies, and a list of practical
implications. These implications describe the significant hurdles and considerations of simulating
or implementing the underlying intelligent system.

5.5.1

Process improvements for Software Effort Estimation

The Project Management process improvements for SEE are primarily derived from the Red
cluster of the co-citation analysis and the gray cluster of the bibliographic-coupling analysis due
to both clusters’ relevance towards Software Effort Estimation. Table 42 outlines the process
improvements for SEE.
This study identifies two primary use cases for intelligent systems in SEE. First, AI is widely
applied to estimate effort in software development projects. Software effort is considered as labor
hours of coding to produce the final software product. To estimate software effort, practitioners
use software sizing methods as an independent variable to determine the size of the total project
(Finnie et al., 1997; Putnam, 1978). Based on a combination of independent variables, the
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dependent variable of software effort is projected through algorithms such as CART, ANN, CBR,
or FL.
Table 42 - Project Management process improvements by AI in SEE56
Process improvements
× Project effort estimation

Algorithms/Method
Algorithms: CART,

measured in labor hours

ANN, CBR, FL,

of coding

Hybrid, and Ensemble

1) Algorithmic robustness towards data scarcity,
noise, and outliers
2) Model explainability/ transparency
3) Model reusability / updating

× Identification of critical
success factors

Practical implications

Method: Size-based

4) Data consistency with estimation method

estimation models (FP,

5) Overfitting of learning algorithm

LoC)

6) Evaluation Criteria of estimation accuracy

Source: Table elaborated by the author.
Intelligent systems may also be applied to define critical success factors to identify the optimal
combination of input variables. This process aims at either reducing the number of independent
variables while stabilizing the estimation accuracy (Nassif et al., 2019), or identifying relationships
of causality (Nassif et al., 2019; Pospieszny et al., 2018) or equifinality (Mitrović et al., 2020)
among variables and output.
Lastly, there are six principal implications applicants are recommended to consider when
estimating software effort. First, algorithms differ in their robustness towards data scarcity, noise,
and outliers. For example, CARTs deviate strongly when using unfavorable data, while ANN's
and CBR are much more resilient (Finnie et al., 1997; Shepperd & Schofield, 1997). Second,
successful system implementation demands explainability in the outcome of the intelligent system
(Cubric, 2020; Dwivedi et al., 2021; Gray & MacDonell, 1997).

56

This Table covers the content of Software Effort Estimation. The Table lists the Project Management process
improvements by Artificial Intelligent and points out the practical implications of implementing them.
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Third, in the progress of projects, estimation systems may require to be updated with newly
available information. Some algorithms are at a disadvantage to others for such updating. For
example, ANN’s may require considerable retraining after new project information is inputted. At
the same time, CBRs can be updated without further parametrizing the model (Finnie et al., 1997).
Fourth, algorithms may be trained on historical data. It is important to use historical data with the
same system sizing method as used for effort estimation. There exist accessible databases with
historical project data, such as the ISBSG for FP software projects. Furthermore, it is essential to
select projects for historic data procurement with similar characteristics as the project
underestimation. Such characteristics may consider the size of the project, its complexity, but also
the availability of information on the project (Nassif et al., 2019; Pospieszny et al., 2018).
Fifth, extensive excessive training of certain algorithms causes the issue of overfitting. Thereby,
algorithms may render estimations biased towards the learned data set rather than the acquired
knowledge in estimation. Overfitting may, in part, be prevented by reducing the number of input
(Wauters & Vanhoucke, 2017).
Finally, estimation accuracy of effort projections is to be evaluated by clearly defined metrics. The
most prominent metric is the MMRE. However, this metric has been criticized for asymmetric
measurements and sensitivity to outliers (Foss et al., 2003; Gray & MacDonell, 1997).
Consequently, authors recommend using more than one estimation accuracy measurement metric
(Nassif et al., 2019; Pospieszny et al., 2018).

5.5.2

Process improvements for Project Risk Modeling

The process improvements for PRM stem primarily from the Blue cluster of the Co-Citation
analysis and the violet cluster of the bibliographic-coupling analysis. Both clusters extensively
address Project Risk. Table 43 outlines the process improvements and practical implications for
Project Risk Modeling.
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Table 43 - Project Management process improvements by AI in PRM57
Process improvements
× Prediction of risk

Algorithms/Method
Algorithms: Bayesian

probability under

Network, Fuzzy Logic,

uncertainty

Hybrid models

× Risk Mitigation Scenario
Planning

1) Bias in selection of input variables and
definition of interrelationships
2) Data scarcity
3) Ease of implementation/updating

× Identification of critical
risk factors

Practical implications

Quantification of risk
occurrence impact in
delay or cost

Source: Table elaborated by the author.
The principal process improvements described in most articles address the prediction of risk
probability under uncertainty. In case of occurrence, the impact of such risk is quantified in project
delay time or cost overrun. Such quantification provides a more tangible measurement of risk
impact. Intelligent systems mainly apply Bayesian Networks or Fuzzy Logic for such probabilistic
predictions. Still, risk estimation for Construction Projects and Software projects appear to be
strongly separated since they are subject to reasonably different critical risk factors (Schmidt et
al., 2001; Wallace et al., 2004).
Intelligent systems may also be applied to determine critical risk factors, applying algorithmic
procedures to identify causality among input variables and risk (Islam et al., 2019; Khodakarami
& Abdi, 2014). For example, Hu et al. (2013) apply a data mining discovery algorithm to identify
relationship patterns among input variables and risks. Some researchers step beyond identifying
causality but account for system dynamics in the interaction between risk variables (Nasirzadeh et
al., 2019).

57

This Table covers the content of Project Risk Modeling. The Table lists the Project Management process
improvements by Artificial Intelligent and points out the practical implications of implementing them
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Furthermore, intelligent systems are capable of running risk mitigation scenario planning. This
capacity is obtained when embedding sensitivity analysis in scenario simulation to identify the
cost and time of the most intensive project tasks such that they can be consecutively monitored
with more care. Also, risk mitigation scenario planning is approached by simulating hypothetical
input variable adjustments to detect reductions in risk probabilities. Risk mitigation models apply
Hybrid models, combining Bayesian Network or Fuzzy Logic with Genetic Algorithm or Artificial
Neural networks (Ghosh et al., 2016; Kim & Lee, 2019).
Lastly, it appears important to highlight the most discussed practical implications and obstacles.
First, there is a strong debate about the benefits and drawbacks of human interference in the
definition and calibration of input variables. Advocates in favor of human interference argue that
estimations at the project's conceptual stage lack the necessary data for sophisticated projections
(Dikmen et al., 2007). Researchers against the use of expert opinion prefer to use historical project
data and consider a decent level of uncertainty in their algorithmic predictions (Gondia et al., 2020;
Islam et al., 2019).
A final consideration addresses the ease of implementing the intelligent system. The author
advocates that combining single BN or FL models with expert or questionnaire input is relatively
intuitive and efficient. Conversely, using historical data as input and enriching risk management
systems with complex algorithms may render the process very time-consuming and nontransparent. These downsides often offset the benefits of increased accuracy (Dikmen et al., 2007;
Kuo & Lu, 2013; Luu et al., 2009; Moreno-Cabezali & Fernandez-Crehuet, 2020).

5.5.3

Process improvements for Construction Cost Estimation

The process improvements for CCE are identified within the Green, Yellow, and Gray Clusters,
given their orientation towards Construction Project Management. Table 44 outlines the process
improvements and practical implications for Construction Cost Estimation
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Table 44 - Project Management process improvements by AI in CCE58
Process improvements
× Estimation of absolute
construction cost or time

Algorithms/Method
Algorithms: NN, SVM,
CBR, Hybrid and

Practical implications
1) Bias in selection of input variables and
definition of interrelationships

× Estimation of

Ensemble Methods,

2) Estimation accuracy trade-offs

construction

Bayesian Networks

3) Robustness to data input limitations

performance

Method: Bottom-up

4) Explainability of output

decomposition by

5) Automation of process

× Identification of
principal cost drivers
× Project control
monitoring

WBS, Project
performance
measurement by EVM

Source: Table elaborated by the author.
The principal process improvements for intelligent systems encountered in the intelligent structure
of CCE is the estimation of total construction cost or construction time. This method is mainly
combined with the bottom-up decomposition of projects through work breakdown structures
(WBS). Alternatively, under the Earned Value Management (EVM) methodology, authors project
construction performance by Estimate at Completion (EAC).
Estimations of cost, time, and performance can run intelligent algorithms such as NN, SVM, or
CBR and increasingly take the form of Hybrid or Ensemble methods. Independent variables for
forecasting construction cost are referred to as cost drivers, while performance models refer to
value drivers.
Intelligent systems also function to identify the optimal usage of cost and value drivers. Such
systems may automate the selection and parametrization process of independent variables,
increasing estimation accuracy or reducing variance (Balali et al., 2020; M.-Y. Cheng & Wu, 2009;
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This Table covers the content of Construction Cost Estimation. The Table lists the Project Management process
improvements by Artificial Intelligent and points out the practical implications of implementing them.
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Kamoona & Budayan, 2019; Martinez-Rojas et al., 2018; Xue et al., 2020). Using intelligent
systems to identify optimal input variables may incorporate uncertainty assumptions to simulate
human decision-making. Hence, such approaches may combine single AI algorithms with Genetic
algorithm optimizers and Fuzzy Logic (Elmousalami, 2019, 2021).
A final process improvement is found in project control monitoring. Intelligent systems can
forecast probabilities of schedule or budget overruns based on EVM variables, thereby creating
project control measurements. For this purpose, probabilistic algorithms such as Bayesian
Networks are combined with Single AI algorithms (Firouzi & Khayyati, 2020; Hajialia et al., 2020;
B.-C. Kim & Pinto, 2019).
Project control may also be achieved through non-probabilistic estimations but through variance
analysis on EAC attributes. Thereby the intelligent system may determine the stability of EVM
metrics throughout the project and provide a tool for continuous project control monitoring
(Kamoona & Budayan, 2019; Wauters & Vanhoucke, 2017).
Furthermore, the literature on AI in project management considers five practical implications when
applying intelligent systems in CCE. The first considers human biases in the selection of
independent variables and parametrization thereof. Potential countermeasures may be to run
intelligent systems to select the optimal combination of input variables, thereby automating the
decision-making process. Then again, this option assumes sufficient data availability, which may
not be guaranteed for conceptual cost estimations in early planning stages.
Furthermore, there exist trade-offs between the choice of an intelligent algorithm. Among single
AI algorithms, the estimation accuracy is highest for Neural Networks. Furthermore, Hybrid
Models or Ensemble Methods generally present superior performance than single algorithm
models (Kamoona & Budayan, 2019; Wauters & Vanhoucke, 2017). Nonetheless, this superior
performance stands in conflict with explainability and transparency. Generally, when Single AI
algorithms are combined to Hybrid Models or Ensemble Methods, they become more complex
and less transparent.
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Additionally, algorithms differ in their robustness towards limited data availability, such as noisy
data or outliers. Among the single algorithms, CBR performs best under limited data availability.
In contrast, ANN performs best for pattern recognition in complex data structures. Moreover,
single AI algorithms become more robust to data outliers and noise when combined with Bagging
and Boosting to Ensemble methods. Finally, ANNs are at a disadvantage to SVMs and CBRs in
terms of automated updating. While SVM and CBR are more flexible to adjust to new data inputs,
ANN may demand time-intensive retraining.
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6

Conclusion

This section covers the concluding remarks of this thesis. First, the contributions to the academic
and professional fields are depicted. Second, the results of the bibliometric analysis are
summarized. Third, the limitations inherent to this thesis are explained. Lastly, potential avenues
for future research are recommended.
This thesis contributes to academia by offering a bibliographic approach to understanding the
research domain of AI in Project Management. The outcome of this thesis renders a structured,
specific, and visual understanding of the domain’s knowledge base and emerging trends, thereby
covering over half a century of literature (van Eck et al., 2010).
The author has identified little existing research that synthesizes the knowledge base of the
research domain of AI in Project Management. It can be observed that analyzed literature reviews
take a strong commercial standpoint in assessing AI tools for Project Management (Munir, 2019;
Ong & Uddin, 2020). This assessment requires being complemented by a research-oriented
standpoint.
Furthermore, existing literature may identify AI applications by the formalized Project
Management Process and Knowledge Areas (Belharet et al., 2020; Davahli, 2020), thereby being
constrained to identify knowledge structures in the discipline. Lastly, existing literature does not
measure research advancements in the domain as they do not track the development of the domain
over time.
Through the understanding of existing literature, the contribution of this thesis appears valuable.
First, this thesis visualizes the intellectual structure and emerging domain research through
bibliographic networks and clusters. It consolidates the embedded theory into main topics,
synthesized to cluster themes, and visualized in conceptual frameworks.
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Second, the main topics of each cluster are complemented by rigorous academic discourse from
which essential gaps for further examination are drawn. Consequently, this thesis benefits
academics by facilitating understanding of the accumulated knowledge and identifying new paths
for research.
For practitioners, this thesis offers project managers a comprehensive and structured overview of
the main trends occurring in the research domain. Professionals can identify their topic of interest
within the respective clusters and follow the main discussions in the present literature.
Additionally, this thesis lists the dominant AI systems by their benefits to Project Management
Processes. Practitioners obtain insights on the contemporary obstacles of each intelligent system
and find managerial implications on the trade-offs and pitfalls of applying different intelligent
systems. Furthermore, indications for future research demand the implementation of simulated
algorithms in field studies. Professionals may benefit from the academic demand for applied
research.
Given the value contributed to academics and practitioners through a bibliometric study on AI in
Project Management, this thesis defines three research questions. RQ 1 attempts to identify the
intellectual structure of literature on AI in Project Management. To answer RQ 1, this thesis
presents the cognitive structure of research on AI in Project Management, identified through
bibliometric co-citation analysis. The cognitive structure is divided into three clusters for which
content analysis identifies the major theme of each cluster: Software effort estimation (SEE),
Project Risk Modeling (PRM), and Construction Cost Estimation (CCE).
The research on the three clusters has a predominantly analytical orientation. SEE covers
quantitative predictive simulations for software effort estimation and conceptual discussions on
systems sizing methods and accuracy evaluation metrics. Dominant algorithms used for SEE are
artificial neural networks, case-based reasoning, and classification and regression trees. In contrast,
regression methods are mainly used for benchmarking. Papers of all three clusters claim the lack
of valid input data as a significant challenge but also caution the biased nature resulting from
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human interference. To visualize the intellectual structure of the research domain, a conceptual
framework is proposed.
As for the emerging trends of the research domain, which RQ 2 attempts to define, four clusters
were mapped through a bibliographic coupling analysis. A content analysis identified the emerging
research trend for each cluster. All four clusters are predominantly analytical. The first trend
identifies the need for increased automation (reduced human interference), explainability, and
robustness in cost estimation models in construction Project Management. This trend expands the
CCE knowledge base by applying enhanced hybrid and ensemble methods to cover the pain points
of single algorithms.
The second trend emerged from the CCE foundation. It covers project control prediction through
intelligent earned value management models for which mostly SVM-based intelligent models are
used. The third trend emerged from the SEE knowledge base and tackles optimizing input factors
for more robust and accurate software effort estimation. Researchers rely on hybrid and ensemble
methods to identify these input factors due to their enhanced performance on pattern detection in
complex data structures. The fourth trend emerged from PRM and covers risk mitigation scenario
modeling in construction management. IT extends the capabilities of risk prediction models
addressed by the knowledge base.
To answer RQ 3 and identify the main building blocks of the research domain, this thesis identifies
the main keywords of the research domain through a bibliometric co-word analysis. The main
keywords identified are Project Management, Artificial Neural Network, Fuzzy Logic, Model,
Artificial Intelligence, Management, and Bayesian Network. These keywords provide an
overarching understanding of the more established topics assessed throughout this thesis.
In addition to the three Research Question, the improvements of AI to Project Management
processes are addressed in the discussion section of this study. It covers specific Project
Management processes enhanced through intelligent systems, lists the practical implications for
implementing such systems. The Intellectual Structure structures the discussion.
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For SEE, process improvements cover software project effort estimation and identification of
critical success factors. In PRM, process improvements encompass the prediction of risk
probability under uncertainty, the identification of Critical Risk Factors, and planning of Risk
Mitigation Scenarios. Finally, for CEE, process improvements cover estimating total construction
cost or time and performance, identifying principal cost or value drivers, and performing project
control analytics.
Finally, it appears important to address the limitations of this thesis and offer recommendations
for further research. The first limitation considers the size of the database analyzed. While Rogers
et al. (2020) recommend a minimum sample size of 200 papers, they deem approximately 1’000
papers appropriate for a bibliometric study. This thesis assessed 467 papers for the co-citation
analysis and 185 papers for the bibliographic coupling analysis. The quantity of research identified
appears to be subject to the particular nature of the research domain, being considerably specific.
An additional limitation concerns the qualitative nature of this research. While the bibliographic
method is quantitative, the approach is followed by a qualitative content analysis, which may have
inherent bias by the author. Through an iterative and repeated reviewing of the content analysis,
such bias was constrained.
The content analysis may be prone to a further limitation as it considers the opinion of each paper
equally, without accounting for the papers’ academic importance in terms of the number of
citations. However, the analysis intentionally disregarded prioritizing papers by citations since
articles with different publishing years are compared. Otherwise, the importance of recently
published articles may have been overlooked.
Lastly, the analysis and discussion of this thesis focus on assessing clusters from the same network
independent from each other. Consequently, little comparison was made across clusters within the
same network, underscoring the need for further research on the subject.
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Additionally, the discussion sheds light on several topics from the emerging literature which
require further research. Such topics were identified by comparing the emerging literature with the
foundational literature and the literature review. Among these topics, ten appear most relevant to
undergo further study, for which this thesis poses the following questions:
•

Are there differences in determining critical success factors for software effort estimation
models under different software sizing parameters?

•

How do parametrization and accuracy vary between simulated and applied software effort
estimation models? How should deployment and maintenance frameworks be organized to
minimize potential gaps between simulation and implementation?

•

Is there a need for dynamic risk assessment models? What are the benefits of tracking risk
development across the project life cycle?

•

What are the optimal use cases for either sourcing data from human input or historical data?
What are the trade-offs between either? Which risk assessment algorithms are most suitable
for each?

•

What are the currently available methodologies and use-cases for risk scenario modeling in
project risk mitigation? How can future research be coordinated to capitalize on collaborative
research efforts?

•

What are the trade-offs between enhanced robustness, explainability, and automation across
different cost estimation models in construction Project Management? Which enhancement do
field practitioners deem most relevant?

•

How do existing EVM-based intelligent project control systems benchmark against each other
in simulated and applied environments?

•

What is the current state of research on NLP and computer vision for intelligent systems in
Project Management?

•

How do existing intelligent project estimation models compare financially? Are there
differences in the financial burden of different models?

•

How come research on AI in Project Management is primarily focused on Construction and
Engineering Management and Software Development? How can further project-based
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industries, such as aerospace or motion picture, benefit from the existing research on AI in
Project Management (e.g., cost and schedule estimation, project control, risk estimation and
mitigation)?
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Appendix A – ML learning categories
ML learning categories by Wauters & Vanhoucke (2016)
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Input/ Output
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Output

making predictions

Ability to determine

More computation
time in the training
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distribution of data
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Appendix B – Percentage of AI start-ups by industry
Comparison percentage of AI start-ups by industry 2017 and 2018, Soni et al.,(2020)
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Appendix C – Percentage of AI start-ups by industry
AI technology adoption by industry 2017, McKinsey & Company (2018)
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Appendix D – Code for merging WoS and Scopus database
R-Studio code for merging WoS and Scopus database, Kuster (2021)
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Appendix E – Bibliometrix data frame structure
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Appendix F – Content Analysis for red cluster
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Appendix G – Content Analysis for blue cluster
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Appendix H – Content Analysis for green cluster
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Analytical

Analytical

Analytical

Applied

Analytical

Neural Network (6),
Construction (5), Cost
Estimation (5), Design (4),
Machine Learning (4),
Predictive Model (4),
Genetic Algorithm (3),
Regression Analysis (3),
Classification (2), Decision
Trees (2)

Methodolo Most frequent
gic
keywords
approach

Automation,
explainability,
and robustness
in cost
estimation
models

Trend
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Appendix I – Content Analysis for orange cluster

x
x
x
x
x

9 Firouzi A, 2020

12 Hajiali M, 2020

16 Kamoona Krk,
2019

20 Kim Bc, 2019

17 Wauters M, 2017

Constructio
n project
managemen
t

Main
Topics

x

Cited Reference

9 Balali A, 2020

Total
Links

x

x

x

x

x

x

x

x

x

Earned
Value
value
Drivers
performance
prediction

x

x

x

x

x

Project
control

-

-

-

Analytical

Analytical

Analytical

Analytical

Analytical

Analytical

Earned Value Management
(5), Completion Time (4),
Construction (4), Model
(4), Prediction (4),
Completion Time (4),
Project Management (4),
Cost Performance (3),
Regression (3), Performance
(2),

Methodolo Most frequent
gic
keywords
approach

Project control
prediction
through
intelligent
earned value
management
models

Trend
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Appendix J – Content Analysis for yellow cluster

x
x
x
x

15 Mitrovic Zm, 2020

13 Nassif Ab, 2019

9 Pandey P, 2020

11 Pospieszny P,
2018
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x
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x
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Critical
project
success
managemen factors
t

Main
Topics

x

Cited Reference

11 Hosni M, 2021

Total
Links

x

x

x

x

x

Software
project
prediction

x

x

Data
limitation

-

-

-

Analytical

Analytical

Analytical

Analytical

Analytical

Machine Learning (5),
Software Development (5),
Effort Estimation (4),
Neural Network (4), Critical
Success Factors (2),
Duration Estimation (2),
Ensemble Model (2),
Predictive Models (2),
Regression (2), Systems
Thinking (2)

Methodolo Most frequent
gic
keywords
approach

Input factor
optimization for
more robust and
accurate software
effort estimation

Trend
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Appendix K – Content Analysis for gray cluster
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Constructio Project risk Critical risk Factor
Cost and
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managemen factors
Interdepend schedule
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Main
Topics

x

Cited Reference

9 Aladag H, 2020

Total
Links

x

x

x

Risk
mitigation

-

Analytical

Empirical

Analytical

Applied

Analytical

Empirical

Empirical

Analytical

Analytical

Analytical

Analytical

Analytical

Empirical

Applied

Model (8), Management (6),
Project Management (6),
Construction (5), Fuzzy
Logic (5), Risk Analysis
(5), Risk Management (5),
Construction Projects (4),
Performance (4), Project
Risk Management (4), Risk
Factors (4), Uncertainty (4),
Analytic Hierarchy Process
(3), Bayesian Belief
Network (3), Classification
(3), Cost Deviation (3),
Critical Success Factors (3),
Decision-Making Approach
(3), Delay Risk Analysis
(3), Machine Learning (3),
Stakeholders (3), System
Dynamics (3)

Methodolo Most frequent
gic
keywords
approach

Risk mitigation
scenario
planning based
on probability
optimization
models in
construction
management

Trend

157

Appendix L – Content Analysis for violet cluster

Not strongly discussed

Critical success
factors

Insight gained from
comparison

Data limitations

Strong focus on optimization of input factors to
Emerging trend
•increase estimation accuracy, reduce overfitting, enhance
computation time
•Comprehend interconnectedness by causality or
equifinality
Insufficient and irregular data input available for Constraint of sufficiency resolved through standardized
Ongoing and evolving
effort estimation model
software PM databases.
research topic
Contemporary discussion focuses on overcoming
obstacles of noisy data.

Main focus of discussion

Discussion among bibliographic-coupling clusters

Ongoing and evolving
research topic
Software sizing
Definition of most suitable method for software International standards established for both methods
Topic no more of major
sizing between LoC and FP
discussion
Metric for estimation Use of mean magnitude of relative error
Evaluation metrics appears standardized. Use case is made Topic no more of major
accuracy evaluation (MMRE) vs. Others for estimation accuracy
by their combination and complementing
discussion
evaluation

Main focus of discussion

Effort estimation

Software Effort
Estimation

Discussion among co-citation clusters

Main topics

Intellectual
structure
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Appendix M – Discussion Structure of Software Effort Estimation

Information
constraint

Risk Prediction/
Risk mitigation

Capacity of models to be updated upon arrival of Topic only marginally discussed
new data
Discussion of risk prediction, which is a
Expansion on risk prediction towards risk mitigation using
cornerstone to risk mitigation
scenario simulation.
Embed sensitivity analysis in scenario analysis to:
•Identify Cost/time intensive project tasks
•Detect promising mitigation by simulating hypothetical
mitigation measures
Lack of historic data for risk identification and Ongoing discussion about the trade-offs between sourcing
estimation
model data by:
•Human interference

Data learning

•Established database of past projects

Software risk embedded in topic of risk prediction

Conceptual structuring, proceedural building
blocks, and proposals for dimensions of
software risk

Software risk

Discussion among bibliographic-coupling clusters

Project Risk
Modeling

Discussion among co-citation clusters

Main topics

Intellectual
structure

Ongoing and evolving
research topic
Dependent on project
stage and avialable
information

Emerging Trend

Gap in research

Ongoing and evolving
research topic

Insight gained from
comparison
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Appendix N – Discussion Structure of Project Risk Modeling

Main focus of discussion

Main focus of discussion

Recommends enhancing cost estimation algorithms
through Hybrid and Ensemble Methods to increase

Cost, schedule and
performance
estimation

Data preparation and model parametrization
were time intensive and human bias-prone
endeavors

Human bias
reducation

Applies EVM in intelligent systems in a dynamic setting,
establishing a project control system

•Automation of cost driver identification, thereby reducing
human bias
•Robustness towards noisy data
•Explainability of output results

Not discussed

Project control

Applies EVM in intelligent systems, estimating project
performance

Discussion among bibliographic-coupling clusters

Cost driver
Not discussed
identification
Data limitations
Noisy input data falsified forecast estimates
Model explainability Outputs were uncomprehensive due to the
complexity of the algorithms

Addresses fundamental concepts

Earned value

Construction Cost
Estimation

Discussion among co-citation clusters

Main topics

Intellectual
structure

Ongoing and evolving
research topic

Emerging Trend

Emerging Trend

Ongoing and evolving
research topic

Insight gained from
comparison

160

Appendix O – Discussion Structure of Construction Cost Estimation

Topic

AI across
industry

Challenges to AI

Use cases such as fault detection in production
or information extraction from scanned text
Considerably discussed

Use cases such as text categorization,
information extraction, dialogue systems

Discussion in Literature Review

Establish robust frameworks towards ethical
governance, explainability and interpretability,
and ethical auditing of AI systems.

Legal and policy

Front Runners in AI adoption are tech-savvy
industries while laggards are professional
services, construction, and travel and tourism

Programming bias may exhibit discriminatory
decision-making

Ethical

AI across industry

Financial burden and lack of human capacity
slackens AI adoption
Job insecurity decreases workforce morale

Organization and
Mgmt. Challenge

Insight gained from
comparison
Research gap

Considerably discussed

No literature available on the use of AI in Project
Management across industries

No literature available

Topic considerably discussed

No literature available

Research gap

Research gap / potentially
not restricted to AI in PM
but AI in general

Ongoing and evolving
research topic in AI for
Project Management

Research gap

Ongoing and evolving
research topic in AI for
Project Management

Research gap
Research gap

Ongoing and evolving
research topic for AI in
project management

•Text analysis on bid documents to estimate bid ranges as
risk buffer
No literature available
Research gap

Little literature available.
Existing litearture covers:
•Classification of work descriptions in the project bill of
quantities to generate input variables to estimate project
cost

Discussions in literature from Bibliometric Analysis

Societal challenge
AI poses the risk of job erosion
No literature available
Economic Challenge AI raises the competitiveness of developing
No literature available
countries and smaller firms
Data and technology Algorithmic opacity raises threat of biased AI
Topic considerably discussed
challenge
interpretation when considering human qualities
such as cognitive flexibility and morale

Machine learning

Computer Vision

Technical
Natural Language
Building block of Processing (NLP)
AI

Lens
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Appendix P – Discussion Structure of Literature Review

