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ABSTRACT 

Driving Process Intelligence in Construction Project Operations through 

Process Mining 
 

 

Araham Jesus Martinez Lagunas, Ph.D.  

Concordia University, 2026 

Construction is one of the world’s largest economic sectors and directly influences national 

productivity and societal well-being. Despite its scale and importance, industry productivity has 

stagnated for decades, with growth rates three to five times lower than those of other sectors, while 

nearly 75% of construction projects worldwide experience schedule delays and cost overruns. A 

major contributor to this underperformance is the lack of systematic, data-driven methods that 

effectively integrate and operationalize digital technologies to support operational performance 

improvement. Many Architecture, Engineering, Construction, and Facility Management 

(AEC/FM) organizations remain predominantly project-oriented and often underestimate the role 

of systematic process performance monitoring and management in achieving consistent project 

delivery. As a result, the industry continues to rely largely on manual and subjective methods (e.g., 

workshops, interviews, focus groups) to capture and manage construction processes, which fail to 

reflect their actual “as-happened” execution, dynamic evolution, and operational performance. In 

the absence of such insights, process improvement decisions remain intuitive, judgment-based, 

and disconnected from empirical evidence. Moreover, AEC/FM organizations increasingly seek 

to harness project operations data from siloed source systems to enable automated extraction of 

dynamic process performance insights; however, most Common Data Environments (e.g., 

Procore) remain largely static and lack such dynamic process monitoring capabilities. Enabling 

this capability requires the integration and transformation of raw data-oriented system structures 

into well-defined, process-aware structures. 

To address these challenges, this research proposes an automated, data-driven method for 

quantitatively assessing the performance of inter-organizational construction business processes 

by integrating process mining techniques with Lean-based quantitative metrics, including cycle 

time, work in progress (WIP), and lead time. This hybrid Lean-based Process Mining and 

Management (LPMM) methodology comprises five levels and seven interrelated, process-oriented 
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modules that follow a stepwise progression, transforming data-oriented architectural layers into 

process-aware structures. Module 1 establishes prerequisites through automated data extraction, 

integration, and preparation from heterogeneous project information systems, supported by 

exploratory data analysis, task mining, and expert consultation. Module 2 translates research 

objectives into analytical questions by defining performance dimensions, key Process Performance 

Indicators (PPIs), abstraction levels, and stakeholder perspectives, informed by systematic 

literature review and domain expertise. Module 3 enables automated event log construction by 

transforming integrated data into standardized, process-aware representations through automated 

extractors, schema transformers (e.g., XES), loggers, and enrichment mechanisms. Building on 

this foundation, Module 4 applies process mining techniques, including Fuzzy Miner and Inductive 

Miner, to automatically discover “as-happened” end-to-end (E2E) process models. Module 5 

derives process efficiency formulations grounded in process mining theory and applies quantitative 

performance metrics across real-world construction projects to evaluate efficiency, detect 

deviations, analyze process variants, and assess the impact of Request for Information (RFI) 

content using natural language processing (NLP). Finally, Modules 6 and 7 translate findings into 

actionable recommendations and enable continuous monitoring through custom process boards. 

The framework was applied to the RFI process across 71 real-world projects comprising 

5,564 RFIs, including a cross-case analysis of two large commercial projects. The application 

involved automated data extraction from the Common Data Environment (CDE), integration and 

transformation into enriched event logs, portfolio-level efficiency assessment, and detailed 

process-level analysis of time, cost, control-flow, and team dynamics. Results show that process 

efficiency among similar projects executed by the same general contractor can vary substantially 

due to RFI flow length, team dynamics, and staff availability. Improved flow control could have 

tripled efficiency gains and generated savings of approximately $114,000 (USD) on a single 

commercial project with an estimated value of $50 million (USD). Scaled across 71 projects, 

the findings reveal significant opportunities for cost reduction, productivity improvement, and 

evidence-based decision-making. In total, 42 targeted process improvement recommendations 

were derived. The extracted as-happened model achieved a fitness of 0.958, a precision of 0.761, 

and an F-score of 0.845, confirming its representational suitability. Overall, LPMM enables 

AEC/FM organizations to transform project operations data into process knowledge assets for 

automated process health monitoring and continuous performance improvement. 
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CHAPTER 1.  INTRODUCTION 

1.1. Background 

Construction is one of the world’s largest economic sectors, contributing over USD 10 trillion 

annually to the global GDP and employing more than 7% of the workforce worldwide [1]. The 

sector plays a key role in building, maintaining, and retrofitting quality infrastructure, which serves 

as the backbone of global competitiveness, urban sustainability, and economic growth. This sector 

directly influences a nation’s productivity and its society’s well-being.  

Despite these aspects, the construction industry has historically underperformed in terms 

of productivity, growing in the last three decades three to five times slower than other industries 

such as manufacturing, information technology (IT), wholesale and retail, healthcare, and finance                                                                                                            

[2-4]. A key driver boosting productivity in these sectors is their ability to advance their digital 

transformation in an agile manner by effectively identifying, adopting, and implementing novel 

technologies and methodologies to enhance operational performance [5-9]. The Fourth Industrial 

Revolution, or Industry 4.0, is marked by several fast-paced developments in the area of 

Information and Communication Technology (ICT), including, among others, the Internet of 

Things (IoT), Cyber-Physical Systems (CPS), Digital Twins, Building Information Modeling 

(BIM), Robotic Process Automation (RPA), Artificial Intelligence (AI), cloud and quantum 

computing, Business Process Management (BPM), big data analytics, and process mining, [10-

13].  

These novel technologies and methodologies have brought with them a series of challenges 

and opportunities for business organizations. On the one hand, they have forced industries to 

transform their traditional supply chains (i.e., siloed and static) into digitalized supply chains (i.e., 

integrated and dynamic) with a special focus on operational management and process performance 

traceability. On the other hand, they have helped companies in improving their productivity levels 

resulting in a significant advantage over competitors [14].  Similarly, ‘Construction 4.0’ aims to 

adopt latest ICT developments in the construction industry to enhance operational efficiency, 

increase productivity, and support decision-making across the lifecycle of construction projects in 

a more objective, fact-based, and data-driven format [15-17].  
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Construction projects are not meant to last indefinitely; they are constrained by time, 

budget, manpower, quality requirements, and other factors. These projects are dissolved once the 

agreed-upon scope of work is completed and the established goals are met in accordance with the 

contractual agreement between the parties involved. Therefore, the execution of these projects 

must be efficient to ensure on-time project delivery within the planned budget, and in conformance 

with client requirements and technical specifications. Additionally, for construction firms, projects 

should be profitable and serve as mechanisms for continuous performance improvement and 

innovation, while opening up new market opportunities [18, 19]. Yet, despite the extensive 

experience of some construction organizations in managing ‘projects’, nearly 75% of construction 

projects worldwide face delays and cost overruns [20, 21], with companies continuously struggling 

with severe productivity challenges and poor operational performance [19, 22, 23]. One significant 

factor contributing to this figure is that construction organizations often tend to underestimate the 

importance of effectively monitoring and managing the performance of their intra- and inter-

organizational business ‘processes’ required for successful project execution and delivery. As a 

result, business operations become inefficient, ultimately leading to loss of project control and 

declining productivity [24-26].   

Organizations in the Architecture, Engineering, Construction, and Facility Management 

(AEC/FM) domain seeking to enhance project portfolio performance and maintain 

competitiveness must recognize and address the inherently process-intensive nature of 

construction projects. Inefficient execution of critical processes poses a significant risk to overall 

project delivery [27]. Therefore, capturing essential business processes (either operational or 

administrative) and extracting data-driven performance insights from them in an automated 

manner are important items on the digital transformation agenda and a prerequisite towards 

construction automation [26].  
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1.2. Research Motivation  

According to the McKinsey Industry Report in 2017, improving construction productivity could 

add 1.6 trillion dollars to the global economy [1]. One of the most critical levers to realize this 

opportunity lies in the efficient execution and management of construction business processes. The 

adoption and implementation of data-driven monitoring and effective control mechanisms aimed 

at improving process efficiency can yield substantial productivity gains, benefiting not only 

individual projects but also the industry at large [2, 22, 28]. 

In the best-case scenario, some construction organizations have defined their normative 

Standard Operating Procedures (SOPs) or their reference “as-planned” business process models. 

These SOPs and process models, if exist, aim to provide visibility into their business operations. 

More specifically, they serve as guidelines or mandates for construction project stakeholders, 

prescribing how to perform the required business process-related activities throughout the 

conception, execution, completion, operation, and maintenance phases of the construction project 

lifecycle. Nevertheless, various large construction companies, and especially small and medium-

sized organizations, have not even formally documented these operational processes.  

Considering these aspects, the main motivation of this research is to support construction 

organizations in improving the performance of their business operations by providing them with 

the capability to automatically extract these actual business process models through the 

exploitation of their project operations data, not only to map and document these processes, but 

more importantly to quantitatively evaluate and improve their performance in a continuous 

manner. To this end, process mining, a novel data-driven approach grounded in a rapidly evolving 

academic field, with broad industry adoption and a strong market presence, has become a crucial 

asset driving digital transformation and boosting productivity across industries [29, 30]. This 

proven technology presents a clear opportunity to advance process intelligence capabilities within 

business organizations by exploiting real-world process executions captured from operational 

project data, thereby enabling the identification, analysis, and improvement of actual process 

performance behavior [31]. 
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1.3. Problem Statement 

Even though the construction sector has a rich body of knowledge in process modeling, simulation, 

and management, it still heavily relies on manual and subjective means and methods (i.e., 

workshops, interviews, focus groups) for capturing, modeling and managing its construction 

processes. Although these methods help construction organizations to initially document and 

structure conceptually their reference business processes, the resulting process model depictions 

are static and only reflect: either (i) the expected “as-planned” behavior of construction operations 

on how certain processes should be executed by stakeholders to conform with best practices and 

standard operating procedures (SOPs); or (ii) the ideal “to-be” behavior on how processes should 

be optimized and re-engineered to better perform. More specifically, existing methods fail to 

capture and reflect the ‘as-happened” behavior on how processes are actually executed in the real-

world, how they dynamically change over time, and how they perform. In the absence of such 

details, decision-making to improve such processes has remained intuitive, judgment-based, and 

disconnected from factful insights. 

Unlike other industries’ processes, construction processes are frequently characterized by 

diverse non-standard practices and ineffective process control with poor transparency and visibility 

into operational performance. Operational knowledge captured through manual instruments is 

frequently lost when not formally documented (e.g., sketched on a workshop board and 

subsequently erased). Consequently, these conceptual reference process models often become 

obsolete, and in many cases they do not even exist. In addition, existing data architectures of most 

construction organizations lack process-awareness, which hinders process intelligence 

capabilities, as they have not fully leveraged recent ICT advancements and data-driven, process-

oriented management approaches to effectively harness the large volumes of data generated 

through their day-to-day project operations [26]. Consequently, they remain unable to 

systematically manage and improve their business processes to reduce waste and increase 

productivity. Existing process-oriented approaches are time-consuming, resource-intensive, and 

error-prone, often leading to poorly managed processes, operational inefficiencies, and, in some 

cases, construction project failure [22].  
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1.4. Problem Significance 

The long-standing productivity stagnation in the construction industry is strongly influenced by a 

digital transformation gap and poorly managed construction business processes [26]. The labor 

productivity of digitally intensive sectors such as manufacturing, finance, and wholesale grew by 

22.1% over the past two decades. In contrast, construction is classified among the lagging, non-

digitally intensive sectors that continue to face persistent productivity challenges, growing only 

6.3% during the same time period [32], resulting in severe project delays and cost overruns [3, 33, 

34]. Efficient processes are the backbone of successful project management and delivery by 

streamlining daily operations, enhancing coordination, and ultimately improving overall project 

performance. However, in practice, these intra- and inter-organizational construction 

management processes (either administrative or field-level operational) are frequently 

overlooked, and the performance monitoring of these processes (if any) is performed by 

manual means and time-consuming. Thus, if not properly managed and controlled, they can 

lead to productivity loss or stagnation, financial stress, delays, or unsuccessful project delivery 

[26].  

Construction organizations in the AEC/FM domain rarely capitalize on the operational data stored 

within their adopted Common Data Environments (CDEs) or Construction Management 

Information Systems (CMIS) to systematically and automatically analyze their core End-to-End 

(E2E) business processes [35]. Consequently, they lack the capability to continuously monitor the 

performance of their operations in a systematic and data-driven manner. This limitation impedes 

the identification of real-world process inefficiencies and hinders evidence-based decision-making 

aimed at reengineering and automating core business operations. For instance, a lack of process 

transparency and limited visibility into the actual performance of the construction Change Order 

Management Process can lead to significant negative consequences such as project delays due to 

work disruptions [36], cost overruns [37], legal claims and disputes that often lead to lengthy and 

costly litigations [38], as well as overall productivity decline [39-41]. In this regard, previous 

studies report average project cost overruns between 5 to 10% due to change orders, and for some 

poorly managed projects the cost overrun due to construction change orders far exceeds 10% [42, 

43]. Putting this into perspective, Oxford Economics reported an estimated total global 

construction project value of USD 10.7 trillion in 2020. Consequently, the estimated global cost 
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overruns for that year due to changes ranged between USD 535 billion and USD 1.07 trillion [44]. 

Therefore, enabling this process-awareness capability by addressing this gap is essential for 

improving project performance, increasing operational efficiency, and ultimately enhancing 

overall economic outcomes. 

1.5. Goal and Objectives 

Long-term Goal – The proposed research aims at driving process intelligence in construction 

projects by automatically extracting actionable performance insights from construction projects’ 

operations data. This will be achieved by leveraging the latest ICT developments to automatically 

generate dynamic, process-oriented insights that inform evidence-based decision-making and 

drive improvements in construction process management. 

Research Objectives – The overarching goal of this research is to develop a systematic, 

process-aware framework, grounded in a data-driven methodology to guide and facilitate the 

implementation of process mining in the construction industry. This framework aims to equip 

construction organizations and practitioners with the capability to automatically derive, 

quantitatively assess, monitor, and manage the actual execution performance of core construction 

processes leveraging project operations data. The main research objectives (ROs) to achieve this 

goal are to: 

RO1. Identify, from the existing literature: (i) the reported methods, techniques, and 

algorithms for Process Modeling and Management (PMM) in construction; and (ii) the 

core construction business processes frequently investigated and documented across 

the entire life cycle of a construction project. 

RO2. Conduct a requirements analysis to investigate the significance of the identified 

processes and to select the main construction process(es) that will be further analyzed 

in this research study by: (i) capturing process-related knowledge from subject matter 

experts and previous studies; and (ii) extracting operational insights from project 

operations data. 

RO3. Develop a process mining use case for the construction Change Order Management 

Process and its intertwined Requests for Information (RFI), considering traditional and 

multidimensional event log data schemas (i.e., XES and OCEL, respectively). 

RO4. Develop a process-aware methodological framework with a system-agnostic nature (in 
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terms of software and data standards) and an underlying data-driven methodology 

tailored to the AEC/FM domain to enhance process intelligence in construction projects 

by: (i) automating the extraction of “as-happened” E2E process models; (ii) facilitating 

dynamic process performance assessment, diagnosis and monitoring; (iii) supporting 

data-driven decision-making and action-oriented process improvements in an objective 

manner. 

RO5. Apply the proposed framework in real-world case studies implementing the developed 

process mining use cases for RFI and Change Order Management Processes to monitor 

and quantify their performance behavior, thereby realizing process performance 

improvement opportunities and strategies. 

 

 

Figure 1-1. Research goal and objectives 

By achieving the research objectives previously described and visually outlined in Figure 

1-1, this research will primarily contribute to: (i) helping construction organizations harness their 

project operations systems’ data by transforming it into corporate process knowledge assets, 

thereby shifting from traditional data-aware structures to process-aware architectures; and (ii) 

providing increased process transparency and visibility with actionable data-driven insights into 

“as-happened” process performance behavior of real-world core construction business operations. 
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The expected outcomes of this research will support project managers and directors, project 

controls specialists, and project coordinators in better controlling operational performance, 

increasing process efficiency, enhancing overall productivity, and making more informed 

decisions based on the automated identification, evaluation, and diagnosis of process 

inefficiencies, which, in turn, can serve as a data-driven foundation for triggering action-oriented 

process improvement strategies. 

1.6. Scope 

Grounded in a comprehensive study on process mining, modeling, and management in the 

AEC/FM domain, this research focuses on the automated extraction and quantitative performance 

assessment of construction management processes that are recurrently executed across 

construction projects [26]. These processes are the backbone of business operations within 

construction organizations; thus, to ensure successful project delivery, it is of paramount 

importance to effectively control and manage these processes by dynamically assessing their actual 

execution performance. Such continuous evaluation enables the detection of major operational 

inefficiencies and the identification of targeted opportunities for process reengineering and 

automation. 

More specifically, this study introduces a novel data-driven methodology that leverages 

and operationalizes process mining as a capability-enabling mechanism for construction 

organizations. The approach automates the extraction of E2E “as-happened” inter-organizational 

construction management processes and enables the dynamic assessment and continuous 

monitoring of their operational performance. The proposed methodology aims to be generally 

applicable regardless of the selected construction management process to be assessed and 

monitored. However, the cross-case study presented in this document focuses on inter-

organizational construction management processes that are central to supporting essential project 

controls functions, including information management, change management, and performance 

monitoring. These foundational processes are frequently undervalued, even though deficiencies in 

their execution or management can significantly disrupt project delivery and result in major time 

and cost overruns [26].  

Recognizing these aspects, this research primarily examines the Request for Information 

(RFI) management process as an upstream process that can initiate and influence downstream 
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project control processes. In particular, RFIs may trigger the construction Change Order 

Management process, a core business process within project contract administration, as well as 

related downstream activities such as the execution of construction works associated with 

approved change orders and the processing of progress payment requisitions. Accordingly, the 

data-driven analysis presented in this study explicitly focuses on the RFI management process, 

with downstream interrelated processes considered as consequential outcomes rather than the 

primary unit of analysis. 

Building on this perspective, the effective management of the RFI management process is 

critical to successful project delivery, as RFIs represent one of the primary upstream mechanisms 

through which construction changes are initiated. In practice, RFIs frequently trigger the Change 

Order Management process, a formally defined, contract-based subprocess within project contract 

administration, particularly during the construction phase. Owing to its formal and contractual 

nature, the Change Order Management process has significant potential to disrupt construction 

activities if not properly managed, leading to cost and schedule overruns, reduced stakeholder 

trust, and, in some cases, contractual disputes and claims. Although largely administered at the 

contractual or administrative level, change-related processes can substantially affect field 

operations by hindering work execution, reducing construction productivity, and ultimately 

degrading overall project performance. For these reasons, this research narrows its scope to the 

RFI management process as the central subject of analysis, given its pivotal role as an upstream 

trigger of construction change orders [35, 45-48]. Moreover, this study adopts a diagnostic process 

analytics perspective rather than a predictive one, aiming to identify, quantitatively diagnose, and 

monitor major performance inefficiencies in real-world RFI process executions. 

1.7. Research Methodology Overview 

The high-level research methodology to address the stated problem and to achieve the underlying 

research objectives is shown in Figure 1-2. It comprised three major components: (i) PMM 

foundations, featuring a comprehensive literature review on process mining, modeling, and 

management in the AEC/FM industry that informed the identification of key research gaps and the 

delineation of this study’s scope; (ii) the development of a process-aware framework tailored to 

the construction domain, including the introduction of a new integrated, data-driven method for 

the quantitative assessment and dynamic monitoring of construction process performance, which 
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comprises seven process-oriented modules; and (iii) the application of the proposed framework in 

real-world construction projects through case studies. 

 

Figure 1-2. High-level research methodology 

This study seeks to answer two main research questions:  

(RQ1) How can construction organizations harness project operations data to extend and transform 

their existing data-oriented architectures into process-aware structures to control the performance 

of their business operations?  

(RQ2) How can construction professionals leverage process mining, in combination with other 

process-oriented methodologies, to extract, quantitatively assess, monitor, and improve the actual 

E2E performance of critical construction processes in a dynamic, automated, and data-driven 

manner? 
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By answering these questions, this research aims to support project directors, managers, 

coordinators, and project controls specialists in automatically extracting fact-based, actionable 

insights into operational performance, thereby enabling data-driven decision-making. These 

insights not only enhance visibility into actual process execution, they also increase transparency 

by enabling data-driven lifecycle traceability of the parties accountable for executing these critical 

processes. In this vein, this study embraces Taiichi Ohno’s Lean principle, "Look straight at the 

reality" [49], as this research generally aims to identify and assess actual inefficiencies in the 

performance of business operations in construction projects through data-driven analysis, with the 

goal of uncovering actionable and targeted process improvements and automations. 

1.8. Thesis Organization 

This dissertation comprises eight core chapters, each dedicated to a key aspect of the research. 

Aside from the introductory chapter (Chapter 1) and the concluding chapter (Chapter 7), the 

structure of the remaining chapters is presented in Figure 1-3. This figure presents each chapter’s 

objectives, associated methods and techniques, and resulting outcomes, highlighting how each 

chapter supports the overarching research objectives, as follows: 

• Chapter 2 provides an overview of the fundamental concepts underlying PMM by 

examining existing methods and techniques. Through a systematic review and 

scientometric analysis, it identifies current PMM practices, understudied research areas 

within the field, and key theoretical foundations in process mining. 

• Chapter 3 focuses on (i) identifying key research gaps and future research directions in 

PMM, (ii) investigating the most significant intra- and inter-organizational construction 

business processes across the entire lifecycle of construction projects frequently 

documented in the literature, and (iii) designing a support tool for documenting, 

monitoring, and managing these critical processes. Chapters 2 and 3 lay the foundations of 

this research. 

• Chapter 4 centers on the investigation of critical construction processes by analyzing their 

significance and identifying key operational pain points reported by subject matter experts 

through semi-structured interviews. It also presents the selection of the most critical 

process for further analysis, based on a combination of literature review outcomes, expert 
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input, and data-driven process significance. The latter is determined by analyzing the 

operational frequency of stakeholder actions related to the execution and management of 

these processes, captured through task mining analysis in the targeted construction CDE. 

• Chapter 5 outlines the design and development of a process-aware framework tailored to 

the construction domain to guide and support the implementation of process mining in the 

AEC/FM sector. The framework design is informed by the Data-Information-Knowledge-

Wisdom (DIKW) hierarchy [50]. This chapter introduces a newly integrated, data-driven 

method that combines process mining with Lean-based principles and metrics, along with 

custom-developed algorithms for the automated generation of process event data logs. 

• Chapter 6 delves into the automated extraction and quantitative performance assessment 

of the actual E2E execution behavior of selected processes, aiming to identify key 

operational inefficiencies through data-driven analysis. In this regard, this chapter details 

the application of the developed process-aware framework to real-world construction 

projects through case study analyses, employing process mining techniques such as the 

Fuzzy Miner and Inductive Miner algorithms, along with other data-driven methods, 

techniques, and performance metrics outlined in Figure 1-3. 
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Figure 1-3. Thesis structure 
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CHAPTER 2.  PROCESS MODELING AND MANAGEMENT 

FOUNDATIONS1  

2.1. BPM Fundamentals 

The adoption of BPM, process mining, and other industry-proven ICT developments, combined 

with strong process knowledge management (KM) capabilities, is essential for the effective 

management of business operations [11, 51]. Leveraging novel technologies to capture actual 

business process executions and extract data-driven performance analytics from them are 

important items on the digital transformation agenda of the construction industry and a prerequisite 

for construction automation. 

At its most basic definition, a process is referred to as a series of actions taken with a 

particular goal using resources to transform inputs into outputs. Within an organizational context, 

a business process is defined as a set of interrelated events and activities whose execution follows 

a defined sequence. It often involves various objects and multiple actors or stakeholders from one 

or more organizations, requiring frequent information exchange and multiple key decision points 

to deliver a valuable product or service to a customer or to achieve an organizational goal [52-54]. 

BPM falls under the umbrella of “process science” [11], a broad discipline that combines 

ICT with KM practices to ensure that process-related knowledge (e.g., best practices, lessons 

learned, and business decision rules) is captured, made accessible, and reused effectively to 

support and enhance process management. BPM is a management discipline that provides a set of 

principles, tools, techniques, and comprehensive methodologies focusing on value delivery 

through process automation and efficient process management [55, 56]. It facilitates process 

 
1  This chapter is based upon:  

Martinez Lagunas, A. J., & Nik-Bakht, M. (2024a). Analysis of XES and OCEL Data Schemas: Towards 

Multidimensional Process Mining of Intertwined Construction Processes. Proceedings of the 41st 

International Symposium on Automation and Robotics in Construction, Construction Management 

Techniques(2413-5844), 444-451. https://doi.org/10.22260/ISARC2024/0058 

 

Martinez Lagunas, A. J., & Nik-Bakht, M. (2024c). Process Mining, Modeling, and Management in Construction: A 

Critical Review of Three Decades of Research Coupled with a Current Industry Perspective. Journal of 

Construction Engineering and Management, 150(11). https://doi.org/10.1061/jcemd4.coeng-14727 
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analysis by supporting, for example, the timely identification of major sources of waste [57, 58]. 

Moreover, it enables quality assurance capabilities through process modeling with formal 

semantics, process auditing [59], and process conformance checking the process performance 

against applicable standards [53, 60, 61]. These BPM capabilities are the lifeblood of 

organizations, as they strengthen resilience in a rapidly changing industry market landscape, 

promote operational efficiency, and enrich organizational knowledge memory related to their core 

business operations [62]. 

The BPM lifecycle has its roots in the Deming cycle plan-do-check-act (PDCA) model 

focused on process improvement [63]. The BPM cycle broadens the PDCA model by incorporating 

advanced stages such as process discovery, modeling, automation, monitoring, and continuous 

process redesign, extending the focus beyond simple subjective iterative improvements to a more 

holistic, data-driven extraction, monitoring and management of E2E business processes [64]. The 

BPM evolution happened across the so-called “three major waves of BPM” [54]. The first wave 

began in 1911 with F. Taylor and H. Gantt setting the principles of scientific management [65]. 

The second wave happened in 1990 with the emergence of Business Process Re-engineering 

(BPR), as an essential process-oriented philosophy to maximize organizational performance by 

rethinking and redesigning core business operations, which had its boom by the early 90s [66], 

especially with the study carried by Hammer named “Don’t Automate, Obliterate” [67]. Moreover, 

“The Reengineering Rationale” by Myers (1995) emphasizes the importance of BPR in the 

construction sector to make informed operational improvements and business-driven strategies 

enabled by technology [68]. The third major wave was precisely the risen of BPM as a process-

centered management discipline, where business processes are perceived worldwide as the 

backbone of business organizations and their inter-organizational supply chain [12, 54]. BPM has 

been widely applied across several industries including but not limited to healthcare, 

manufacturing, and banking [62]. Other significant process-oriented methodologies and studies 

that have emerged under the BPM umbrella include Statistical Process Control [55], Define, 

Measure Analyze, Improve, Control (DMAIC) in Lean Six Sigma [69, 70], process-aware 

organizations [56], and, more recently, process mining, RPA and AI-assisted process automation 

[17, 71], as well as enterprise process orchestration [72].  

2.1.1. Process Modeling and Language Notations 
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Process modeling in construction is a technique widely used to capture, analyze, control, and 

improve construction operations. It involves graphically representing construction processes using 

formal syntax (i.e., modeling notation conventions) and formal semantics (i.e., organized structure 

with logical branches and meaningful relations). A process model should formally represent the 

E2E execution of the construction operation, from start to finish, including behavioral state 

changes, logical sequence, relational dependencies, decision points, involved stakeholders, and 

constraints [73]. Process models help to unveil, untangle, and study the complexity of construction 

business operations. They are the foundation of traditional or modern methods such as scheduling, 

simulation, BPR, BPM, and process mining to study and monitor process performance [74-76].  

There exists a broad spectrum of formal modeling language notations to represent business 

processes. The selection of a given notation depends on the type of process to be represented and 

on the type of process-oriented analysis to be performed, as each language notation provides 

specific representation capabilities and comes with some limitations [77]. For instance, Business 

Process Model and Notation (BPMN) is an international process modeling standard widely used 

in several industries since it provides formal semantics on process control-flow promoting process 

transparency and communication among process participants [78]. However, it has the limitation 

of not being able to represent the spatial locations of process activities [79, 80]. Regardless of the 

selected modeling language, the structural soundness and the quality of any discovered process 

model should be evaluated in terms of how well it represents the actual behavior of the system 

[55]. Table 2-1 provides a detailed comparison of the most commonly used process modeling 

notations highlighting their main characteristics, capabilities, and limitations. 

Table 2-1. Process Modeling Language Notations 

Method & 

Reference 

Description Capabilities Limitations 

Integration 

Definition 

(IDEF0) 

(IDEF3) 

[81, 82] 

Hierarchical functional 

method containing units 

of information. 

IDEF 3 includes object 

state transition networks. 

It describes each activity 

as a combination of 

subprocesses. It captures 

process functions, data, 

and objects. 

It lacks the ability to model 

control flow of discrete event 

systems. Non-graphical 

representation of resources 

(queues). Complex 

representation.  

Role Activity 

Diagram 

It captures actor roles 

within the process. 

It captures roles, 

activities, and their 

interactions. 

It lacks the ability to capture 

the change of states. 
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[77] 

Unified Modeling 

Language (UML) 

[83] 

The process diagram 

represents the execution 

of a process in machine-

readable form. 

It captures process 

structure, behavior, and 

functionality. It is broadly 

used to model software 

systems. 

It fails on capturing involved 

resources. 

Discrete event 

system 

specification 

[84] 

Mathematical 

object/system 

representation. 

It represents complex 

discrete-event systems. 

It is perceived as a complex 

process visualization (i.e., it 

is not suitable for proper 

communication). 

State Charts 

[77] 

These diagrams represent 

sequences of states. 

It is broadly used to 

represent dynamic 

systems. 

It does not capture resource 

interactions. 

Activity Cycle 

Diagram 

[77] 

This technique represents 

complex interactions of 

entities in a system. 

It is broadly used to 

represent Stochastic 

Discrete Event Systems. 

It is prone to overfitting and 

presents difficulties for 

capturing complex networks 

logics and activity’s 

locations. 

Event-driven 

Process Chains 

(e-EPC) 

[85] 

Graphical Business 

Process Reengineering 

language. 

It represents the flow or 

sequences of functions 

and events. 

It does not properly capture 

state changes. 

BPMN 

[78] 

International standard 

graphical language. It is 

an official standard for 

the ISO. 

It represents the sequence 

of work and events 

including major decision 

points. Simple and 

functional notation. It 

captures process 

concurrency. 

Unable to capture activity’s 

spatial locations. 

Cell-based 

modelling 

[84] 

It represents spatial 

resources in construction 

Captures spatial locations. 

Space is divided into cells 

as discrete events models. 

Difficulty to represent 

complex site layouts. 

Directly-follows 

graphs (DFG) 

[11] 

It is a graph with nodes 

representing activities 

and with directed edges 

depicting directly-follows 

relationships. 

Useful to represent in a 

simple manner a sequence 

of activities happening in 

the process. 

This representation does not 

usually capture concurrency. 

Not recommended for 

advanced process analytics 

with complex behavior. 

Process Trees 

[11] 

Graph notation in the 

form of a block-

structured hierarchical 

workflow net with top 

operator nodes and 

activity leaves. 

It helps to ensure the 

soundness of model 

representations. It can be 

transformed into textural 

form and other process 

notations. 

It focuses on control-flow 

making it less suited for 

unstructured processes. 

Limited basic process 

modeling constructs. 
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Petri Nets  

[86] 

This is a mathematical 

representation of the flow 

of work as a series of 

places, arcs, and 

transitions.  

It captures process 

concurrency. It can make 

use of colors for 

distinguishing different 

process states.  

Unable to capture activity’s 

locations. It is prone to 

overfitting & experience 

deadlocks. 

2.2. Process Mining Foundations 

2.2.1. Process Mining 

Process mining, a fast-growing field of study and modern digital innovation, has become a 

crucial asset for business organizations seeking to advance digital transformation across multiple 

industries [29, 30]. This industry-proven technology enables organizations to leverage real-world 

project operational data collected from heterogeneous digital sources to automatically discover 

actual E2E process model behavior and to dynamically assess, monitor, and improve operational 

performance [31]. In this vein, augmented process transparency, strategic decision-making 

support, improved process efficiency, and increased productivity are among the most frequently 

reported benefits of process mining in the literature [87, 88]. 

Wil van der Aalst (2016) describes process mining as “the missing link between data 

science and process science” [11]. From one side, this research field falls under the broader 

umbrella of Business Process Management (BPM), leveraging the latest technological 

developments to manage and improve business processes. On the other side, process mining 

algorithms are grounded in data science, as they exploit large volumes of digital records from daily 

operations to dynamically E2E processes, monitor their actual performance, and enable AI-driven 

automation capabilities [17]. This novel technology focuses on the exploration of digital traces 

(e.g., sequences of executed events) through advanced sequence mining algorithms to discover 

and analyze business process performance. An E2E process model representation includes a 

clearly defined start, the complete set of sequentially ordered and interrelated activities executed 

across one or more process instances, and a clearly specified end.  

2.2.2. Process Mining Tasks, Tools, and Applications 

Knowledge extraction through advanced process mining algorithms provides objective insights 

into process execution patterns and performance behaviors, which can be leveraged to perform the 
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following process mining tasks: (i) deriving and documenting E2E business process models; (ii) 

assessing process performance through frequent audits and automated conformance checking to 

detect bottlenecks and deviations [89, 90] ; and (iii) re-engineering existing or newly derived 

processes based on action-oriented improvements identified during performance assessment and 

diagnosis [91, 92], as outlined in Figure 2-1.  

Four  major types of construction process models were identified in the existing PMM 

literature [26]: (i) The “as-planned” process models describe the expected or ideal process behavior 

and serve as the baseline for re-engineering efforts and Business Process Management (BPM) 

initiatives; (ii) The “as-is” processes refer to the reference models already documented by 

organizations, which may or may not reflect actual execution. These models are commonly used 

for internal control, compliance checks, and process audits; (iii) The “as-happened” (or “as-

executed”) end-to-end (E2E) processes represent the actual sequence of state changes as they occur 

in practice. These can be captured in near real time or reconstructed from historical event data 

stored in databases or information systems; and (iv) The “to-be” process models represent re-

engineered or optimized versions of the process, designed based on insights gained from process 

analysis and exploration of alternative behavioral ‘what-if’ scenarios [93, 94].   

The global adoption of process mining has significantly increased in recent years. A variety 

of software tools, libraries, and platforms exist to support its application, including Disco [95], 

ProM [96], Celonis [97], PM4Py [98], bupaR [99], PMTk [100], Microsoft Power Automate [101, 

102], IBM Process Mining [103], Palantir [104] and Apromore [105], among others. In this regard, 

Gartner (2023) recently published a global market assessment that evaluated several 

process‑mining platforms in terms of their adoption and functional capabilities for data‑driven, 

process‑oriented analytics, with Celonis currently positioned as one of the leading vendors [106]. 

Process mining has proven to be a game-changer for organizations across various industries 

by enabling more effective and automated management of business operations. Industries such as 

retail, manufacturing, healthcare, finance, and logistics have leveraged data-driven process mining 

to monitor and improve their business processes, support fact-based decision-making, and drive 

productivity growth. For instance, the banking sector has applied process mining to detect 

fraudulent actions, streamline financial processes (i.e., payments), and perform risk and mitigation 
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analyses [29, 107]. 

 

Figure 2-1. Process Mining Overview 

Process mining is all about harnessing project operations data by curating this data to 

extract process-oriented insights that support decision-making in a fact-based and automated 

manner. In this regard, data curation for the generation of well-structured process event data is an 

essential and non-trivial task that can take up to 80% of the process mining implementation effort 

[31, 76, 103].  

2.2.3. Event Logs: fundamentals, standards and data schemas 

The digital transformation of the construction industry is forcing organizations to adopt new digital 

technologies to remain at the forefront of innovation and stay competitive in a fast-paced, highly 

demanding, and constantly evolving market [14]. This shift entails ongoing technology scouting, 

along with the adoption and implementation of various information systems (IS) to improve the 

management of construction projects and supply chains, including, for instance, CMIS, Workflow 
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Management Systems (WfMS), and Enterprise Resource Planning (ERP) systems. These systems 

record valuable transactional project data from companies’ day-to-day operations, i.e., daily 

Human Machine Interactions (HMI) from construction project stakeholders interacting with those 

IS to perform certain process tasks. However, construction organizations constantly strive to 

harness this data to extract actionable insights that support data-driven decisions and enhance 

process performance. In this context, to enable process mining intelligent capabilities such as 

automated process extraction and dynamic process monitoring, it is necessary to extract this 

operations data in the form of well-structured event logs from diverse siloed digital data sources 

commonly used in construction projects. These data sources can include Structured Query 

Language (SQL) databases, Workflow Management Systems (WfMS), IoT sensors, BIM, three-

dimensional (3D) point clouds, Process-Aware Information Systems (PAIS), CDEs, and Project 

Management Information Systems (PMIS), ERPs, among many others, most of which are enabled 

by the so-called ‘Internet of Events’ [11, 35, 89] 

The quality of event logs is of paramount importance to ensure meaningful and successful 

process mining implementations. Event logs must be machine-readable with well-defined data 

structures and semantic relationships (i.e., with formal syntax and semantics). To meet these 

requirements, they must follow existing international event log standards such as the eXtensible 

Event Stream (XES) standard written in an Extensible data schema definition (XSD), and the most 

recent Object Centric Event Logs (OCEL) standard, allowing for several flexible data schemas in 

Extensible Markup Language (XML), JavaScript Object Notation (JSON), SQL relational 

database structure, or as a graph database using Labeled Property Graphs (LPG) embedded within 

Event Knowledge Graphs (EKG) [76, 108-110]. 

Process event logs contain a collection of events with valuable digital footprints or traces 

of the actual construction process execution histories. An event is composed of at least three base 

attributes: (i) cases, referring to the process instance containing the collection, group or class of 

events; (ii) event activities, which are transactions or occurrences happening at a given point in 

time; and (iii) timestamps of the executed event activities that often follow the ISO 8601 standard 

[11, 91]. These event logs can be enriched with additional dimensions, such as objects, actors, 

required resources, and cost, to enable process analysis from multiple perspectives [108, 109]. 
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2.2.3.1. XES Standard 

The XES standard was created in 2009 by the Architecture of Information Systems (AIS) research 

group from the Eindhoven University of Technology (TU/E) [111] and in 2010 was adopted by 

the Institute of Electrical and Electronics Engineers (IEEE) [112]. Nowadays, it is a well-

recognized international standard for structuring, storing, and interchange event logs in a machine-

readable representation primarily based on the Extensible Markup Language (XML) suitable for 

process mining implementation [113]. The XES standard is founded on the concept of a single 

case notion, meaning that events and their related attributes belong to one process instance. The 

XES standard is founded on the concept of a single case notion, meaning that events and their 

related attributes belong to one process instance. CSV tabular event logs can be transformed into 

XES using ProM [96], XESame [114],OpenXES [115] or PM4Py [98]. 

In traditional process mining, i.e., with event logs constructed according to XES standard), 

events are assumed to be partially ordered, meaning that they follow a strict partial order that is 

transitive (If a≺b and b≺c, then a≺c), irreflexive (a ⊀a), and asymmetric (If a≺b, then b⊀a). An 

event log can be formally defined by (Eq. 1) [91]. 

𝐸𝐿 (𝑋𝐸𝑆) = (𝐸, 𝐹(𝑎𝑡𝑡𝑟−𝑣𝑎𝑙 𝑚𝑎𝑝), ≺                                                                        (Eq. 1) 

Where E is a collection or set of events; F (attr-val map) is a mapping function of attribute-

value pairs to the corresponding events; and ≺ represents the partial ordering of events often based 

on timestamps. For control-flow process analysis, this event log notion can be further simplified 

as per    (Eq. 2) [91] given that only the activities’ key-value pairs need to be sequentially ordered 

for a given process workflow instance. 

𝐸𝐿(𝑋𝐸𝑆) = (𝐸, (𝜎(𝐶)),≺)                                                                       (Eq. 2) 

Where 𝜎(𝐶) =〈 𝑎𝑐𝑡(𝑒)(1), 𝑎𝑐𝑡(𝑒)(2), . . . , 𝑎𝑐𝑡(𝑒)(𝑛) 〉corresponds to a series of traces 

with the process event activities sequentially ordered for a given case.  

Raw process-related data can be transformed into standard process event logs that comply 

with XES standard.  Figure 2-2 shows the UML class diagram for the event log data schema 

according to XES standard, including its main components such as logs, extensions, global 

attributes, classifiers, traces, events, attributes, and data types [2, 108, 116] 
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Figure 2-2. XES UML class diagram, modified from [108] 

Event Log – An event log refers to a historical record of activities or transactions happening 

across processes’ lifecycle. Events are labeled with execution timestamps and grouped by a unique 

case identifier (i.e., process instance or trace). An event log can contain one or several event traces, 

and it should declare/contain any required extensions to semantically describe the process. 

Extensions –The extensions provide formal semantics and structure to the event log 

components by considering/assigning predefined attributes at various levels of the event log (i.e., 

log, trace, event). There are seven standard extensions in the 2016 version of the XES standard 

(IEEE, 2016). New custom extensions can be defined for domain-specific event log developments.  

Global Attributes – This class refers to the declaration of global attributes used when 

certain predefined process-related information needs to be contained in the log. These global 

attributes are assigned to every trace and event within the log. 

Classifiers – An identity can be assigned to each trace and event in the whole log using 

classifiers. These classifiers act as labels for traces and events that allow grouping them to compare 

against one another. An example of an event classifier shall contain two main attributes the event 

activity/instance name and the lifecycle transition of that activity (i.e., “Create Event – Complete”). 
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Traces – They store the event activities related to a process instance or case. Each trace can 

contain several event objects. A trace represents a series of activities during the execution of a 

given process instance; these activities are partially ordered based on timestamps. 

2.2.3.2. OCEL Standard 

XES standard is reliant and limited by the single case notion assumption, which states that a 

process event belongs to a single case (i.e., process instance), activity and timestamp. XES is useful 

to analyze a particular process from a single process perspective, but for real-world complex 

processes such as those in construction projects, process events can be interrelated to multiple 

intertwined processes, and certain process event activities may refer to different process entities. 

The XES schema, thus, does not to capture this multidimensionality and intertwinement of real-

world processes. Considering this aspect, the Object-Centric Event Logs (OCEL) standard aims to 

overcome this limitation [117].  

The OCEL 1.0 standard, developed by the Architecture of Information Systems research 

group in 2020, is an object-centric even log structure that empowers business analysts with the 

capability of structuring and storing multidimensional business processes. OCEL provides a more 

realistic view of business process behavior and normally stands between the source data coming 

from IS and the XES event log extraction. Multidimensional OCEL logs can be flattened into XES 

logs as needed for further analysis on specific process perspectives/views, yet one should be aware 

that the flatting approach can result into discovering false process behavior due to convergence 

(i.e., duplicated events) and divergence (i.e., considering or omitting events that are not part of the 

selected perspective) problems [118]. 

Aiming to improve and simplify OCEL 1.0, OCEL 2.0 standard has been recently released 

to facilitate the schema definition of multidimensional event logs in the form of a federated Object 

Centric Event Data Models (OCDM). Figure 2-3 provides a visual representation of OCEL schema 

definition in a UML class diagram. The main OCEL 2.0  components are the log, events, objects, 

event types, object types, event-to-object relationships, object-to-object relationships,  and their 

related attribute-value pairs as per (Eq. 3) [117]. OCEL 2.0 data structure also sets aside the global 

classes previously considered in OCEL 1.0.  
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Figure 2-3. OCEL 2.0 UML class diagram, modified from [117] 

OCEL Log Class– Similar to XES, but without the trace and extensions class definitions. 

Objects– This is the most important component of Object Centric Event Logs. Instead of 

traces for single case notions. An object is any business operational entity that participates in or is 

affected by event activities during process execution.  

Object Type– The category or class of object entity. OCEL is composed of a list of object 

types that can be seen/defined as multi-case event logs to discover a multidimensional process 

model. Each object type can have multiple object instances. OCEL event logs can be flattened to 

XES logs via the objects. 

OCEL Events– Similar to XES, but they are related to objects rather than to traces. 

Event-to-object relationships– Each event can be related to one or more objects. 

Object-to-object relationships– Objects can be related to other objects. 

OCEL Attributes– Similar to XES, but related to objects and events (i.e., not to traces). 

OCDM can be generated based on OCEL standard to allow for multi-perspective process 

analysis where a process event can be related to any number of process entities known as ‘objects. 

For OCEL, it is assumed that objects and events should be pairwise disjoint, meaning that objects 
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can not be represented as events, and that a total ordering based on timestamps is considered. 

OCEL can be formally defined as a tuple according to [117]. Multidimensional event logs 

constructed in CSV tabular can be converted into JSON OCEL using the Object Centric Process 

Analysis (OCPA) python library [119]. OCDM can also be stored in graph databases as EKG to 

provide enhanced semantics and filtering capabilities across E2E process components [120]. 

𝑂𝐶𝐸𝐿 = (𝐸, 𝑂, 𝐸𝐴, 𝑂𝐴, 𝑒𝑣𝑡𝑦𝑝𝑒, 𝑡𝑖𝑚𝑒, 𝑜𝑏𝑗𝑡𝑦𝑝𝑒, 𝑒𝑎𝑡𝑦𝑝𝑒, 𝑜𝑎𝑡𝑦𝑝𝑒, 𝑒𝑎𝑣𝑎𝑙, 𝑜𝑎𝑣𝑎𝑙, 𝐸2𝑂, 𝑂2𝑂)    (Eq. 3)                                                                

Where E, O, EA, OA correspond to set of events, objects, event attributes, and object 

attributes respectively; time, refers to the event timestamps; objtype, indicates the type of object; 

eatype and oatype, assign types to event and object attributes respectively; eaval and oaval, refer 

to the assigned values for events and object attributes; lastly,  E20 and O2O, consider the 

relationships between events to objects and objects to objects respectively [91]. An aggregated 

comparison of both XES and OCEL standards highlighting their identified limitations and main 

capabilities is presented in Table 2-2. 

Table 2-2.  Event Log Data Standards Comparison Overview 

Criteria XES [108] OCEL [117] 

Perspective Perspective of interest  Multi-perspective 

Approach Traditional Process Mining Multidimensional Process Mining 

Quality Aspects- 

Transparency 

Less transparency into events and 

precedence relationships 

Preserves entities/objects, events & 

relationships – Higher transparency 

Suitable for Single workflow executions Interrelated E2E processes 

Case concept Single-case per trace Multi-object, object-centric 

Components Log, traces, events, relationships Logs, objects, events, relationships 

Ordering Type Partial order 

(i.e., subsets-based) 

Total order 

(fully timestamp-based w/o subsets) 

Conversion 

Aspects 

XES to OCEL  

(Requires domain knowledge) 

OCEL to XES (check for convergence 

and divergence problems) 

Process  

Representation 
E2E 2D process model EKG/ Advanced Process Model 

Interoperability Enables Conformance Checking Enables Conformance Checking 

Conformance Less focused on interoperability Increased interoperability 
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2.2.4. Process Mining Perspectives 

Under the XES standard, event logs can be constructed and structured according to the perspective 

of interest to enable the discovery of E2E process behavior and the analysis of process 

performance. In practice, five main perspectives are commonly examined by organizations: the 

E2E control-flow perspective (how activities are sequenced and how the process flows), the 

organizational perspective (resource involvement and capacity), the case perspective (behavior at 

the individual process-instance level), the cost perspective, and the time perspective [11]. Other 

custom perspectives can be added to XES event logs for further enriched process-oriented analysis 

[2]. 

2.2.5. Process Discovery Algorithms 

The α-algorithm was one of the first formal process mining techniques developed to discover real-

world process model behavior. It works by scanning the event log to derive a footprint matrix that 

captures the ordering relations or sequence patterns observed between each pair of process 

activities within the event log, which are also known as transitions. A process model is then 

extracted or discovered based on the footprint matrix [11]. Although this technique supports 

concurrent process behavior, it infers this behavior rather than explicitly detecting it. Besides, it 

lacks the capability to accurately handle process loops, specifically when the same activity 

sequences within a trace are executed multiple times in succession. Consequently, the process 

models derived through this technique tend to be overly complex and unrealistic as they present 

dense, spaghetti-like structures that lack interpretability [11]. Although the α-algorithm often 

proves ineffective due to its inability to filter out non-significant behavior, it laid the foundation 

for more advanced process discovery techniques, such as the Fuzzy Miner and the Inductive Miner 

(IM) algorithms [121-123]. These advanced algorithms are widely used in real-world industrial 

applications, as they support the extraction of more realistic and interpretable process models by 

filtering out non-significant execution paths (i.e., Fuzzy Miner) and ensuring soundness or the 

absence of deadlocks (i.e., IM), which allows the E2E execution of each process instance. 

The Fuzzy Miner algorithm provides a simplified aggregated view of a process with high 

interpretability by constructing hierarchical Directly-Follows Graphs (DGF) from analyzing each 

pair of subsequent process activities, but unlike the α-algorithm, the Fuzzy Miner reduces process 
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complexity by hierarchically ordering the process behavior based on two metrics: the frequency-

based activity significance, and the closeness-based correlation that help determine the connection 

strength between a pair of subsequent activities. In other words, the proximity correlation 

determines the connector thickness between two process steps on the Directly-Follows Graph 

(DFG) based on how often the two events occur in temporal succession within the event log [121, 

124]. In a nutshell, this algorithm helps to (i) preserve frequent process behavior, (ii) cluster and 

aggregate less frequent but highly correlated process activities, and (iii) filter out infrequent 

activities and weakly correlated relations. 

Fuzzy Miner DFG can be constructed using (Eq. 4) [121], where EA’ and ER’ are the 

subsets of event activities and relations in the event log (L) whose relative significance (σ) and 

proximity correlations [corr(ea1,ea2)] are greater than the defined significance (θσ) and correlation 

(θcorr) thresholds. A common approach to define these abstraction thresholds is based on the Pareto 

principle, which establishes that keeping 20% of the most frequent activities and their relations 

often cover 80% of the observed process behavior [125]. However, despite of its simplicity and 

high interpretability to discover unstructured processes, the Fuzzy Miner algorithm fail to detect 

concurrent behavior and it is prone to producing unsound imprecise process models that does not 

accurately represent the observed behavior a result of its filtering mechanism [124]. 

𝐷𝐹𝐺(𝐿) = (𝐸𝐴′, 𝐸𝑅′); 
∀eai ∈ EA ∧ ∀ (ea1, ea2) ∈ ER; 
σ(eai) ≥ θσ → eai ∈ EA′ ∧ corr(ea1, ea2) ≥ θcorr → (ea1, ea2) ∈ ER’  

                              (Eq. 4) 

To overcome these limitations, the IM algorithm adopts a hierarchical process modeling 

notation whose inner nodes are block-structured execution operators, including sequence (→), 

parallel (∧), exclusive choice (×) and redo loops (⟳) relational operators; and its tree leaves are 

process activities executed according to the type of operator. Unlike other process discovery 

algorithms, the IM and its tree-like notation guarantee process modeling soundness while handling 

infrequent behavior through well-structured and simple semantics. As described by (Eq. 5) [126], 

the IM algorithm, rooted in DFG, aims at discovering process trees by recursively splitting the 

main event log into sublogs, where each sublog can be represented into a subgraph or subtree based 

on the cut type [123]. The recursive cuts depend on the type of relational execution operators 

observed in the log or sublog. The main event log is repeatedly partitioned until single activity 
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sublogs are derived, meaning that no more cuts are possible, and leaf nodes are reached [122]. 

𝑄(𝐿) = (⊕,QL′ ∣ 𝐴 𝑠𝑡𝑎𝑟𝑡 , QL′ ∣ 𝐴𝑖…𝐴𝑛 , QL′ ∣ 𝐴 𝑒𝑛𝑑); 
⊕ ∈ [ →, ×, ∧, ⟳] 

                               (Eq. 5) 

Where the process tree (Q) of the main event log (L) is constructed by partitioning (⊕) the 

multiset of traces contained in the log into subtrees (QL') based on the observed relational 

execution operators. These subtrees are normally constructed from the start sublog (QL′ ∣ 𝐴 𝑠𝑡𝑎𝑟𝑡), 

the end sublog (QL′ ∣ 𝐴 𝑒𝑛𝑑); and the intermediate sublogs decomposed based on the directly-

follows relationship of event activities observed in its traces. Process trees derived through the IM 

algorithm can be converted to other process modeling language notations such as Petri Nets and 

Business Process Modeling Notation (BPMN) as needed for the documentation and analysis of the 

process [11, 127]
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CHAPTER 3.  LITERATURE REVIEW2 

Unveiling and analyzing E2E process behavior is essential for diagnosing operational 

inefficiencies and identifying opportunities for targeted process improvement and automation. [93, 

128]. Thus, this chapter dives deeper into the topic by providing an exhaustive review of the current 

state of the art on process mining, modeling, and management in the AEC/FM industry, analyzing 

these areas both individually and holistically as interrelated fields of study. The analysis covers 

process-oriented studies in the construction domain published in the last three decades. The 

ultimate goal of this in-depth literature analysis is to lay the foundation for the design and 

development of a process-oriented framework tailored to the construction domain focused on 

automated modeling and dynamic performance monitoring of construction processes. To this end, 

the specific objectives of this analysis include: (1) identifying existing PMM methods, current 

practices, and main understudied research areas; (2) identifying critical construction processes 

across the entire lifecycle of construction projects; (3) spotting research gaps and future directions; 

and (4) designing a process-oriented tool to support construction practitioners in managing, 

improving, and automating construction operations. 

3.1. Literature Research Method  

Construction projects are process-heavy. Unlike processes in other industries, construction 

processes are frequently characterized by heterogeneous and non-standard practices, scarce 

process control, and low transparency and visibility. Consequently, critical processes can 

significantly endanger the overall performance of construction projects if they are ineffectively 

managed or inefficiently executed [27]. Hence, analyzing the existing literature is essential to 

investigate current PMM practices. The systematic method used to survey the existing PMM 

literature, shown in Figure 3-1, followed two main phases: (i) definition of scope, comprising data 

collection, screening, and classification; and (ii) in-depth literature analysis, including 

scientometric and systematic reviews. As a result, three major outcomes were produced: (1) a 

 
2  This chapter is based upon:  

Martinez Lagunas, A. J., & Nik-Bakht, M. (2024c). Process Mining, Modeling, and Management in Construction: A 

Critical Review of Three Decades of Research Coupled with a Current Industry Perspective. Journal of 

Construction Engineering and Management, 150(11). https://doi.org/10.1061/jcemd4.coeng-1472     

https://doi.org/10.1061/jcemd4.coeng-1472
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conceptual PMM classification framework of analyzed process-oriented studies, along with the 

identified major research gaps; (2) a portfolio model of the core construction processes reported 

in the literature across the entire construction project lifecycle; and (3) a process management 

canvas tool designed for construction practice. 

 

Figure 3-1. High-level literature surveying method: data collection, literature review and outcomes. 

Process-oriented studies were thoroughly analyzed as reported by the most current state of 

the literature to identify and highlight understudied research areas, publishing trends, core 

processes in construction projects, means and methods driven by ICT, and major gaps. 

3.1.1. Literature Data Collection 
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The data collection phase consisted of searching for and gathering process-oriented studies from 

published academic theses and topnotch journals such as the Journal of Construction Engineering 

and Management, Automation in Construction, Advanced Engineering Informatics, among others. 

The data sources for this collection included Google Scholar; university research repositories such 

as Spectrum, TU/e, and TSpace; and technical databases such as Engineering Village, Scopus, and 

Web of Science (among others).  

Since the study of business processes is not exclusive to the construction domain and 

inherits several aspects from manufacturing and other industries, the authors performed search 

queries on three major levels from general to specific. The first level included search queries such 

as: {“business process management” OR “BPM” OR “BPM in the construction industry”}; 

{“business process reengineering” OR “BPR” OR “BPR in the construction industry” OR 

“business process redesign” AND “process improvement” OR “process optimization” OR 

“process automation”}; and {“process modeling” OR “process modeling in the construction 

industry” OR “process mapping” OR “process monitoring”}. The second level included the 

following search query: {“process modeling for simulation” OR “simulation in construction” AND 

“construction operations” OR “BIM-based simulation”}. Finally, the third-level search query was 

as follows: {“Process mining” OR “Process mining in the construction industry” OR “BIM-based 

process mining”}. These search queries resulted in a comprehensive set of 634 documents 

comprising technical journal articles, books, and theses. Given the large number of documents, 

two main exclusion criteria were defined to set aside two groups of publications that require a 

separate study: (1) the body of work on activity recognition; and (2) the rich body of knowledge 

on construction simulation. The former, while an essential component of automated process 

modeling and management (PMM), was set aside since this study scopes “E2E processes” (rather 

than individual activities). From the latter category, while this research took advantage of studies 

that simulate an E2E construction process (i.e., PMM for simulation), a considerable number of 

publications were not used in this research, as the analysis of construction simulation literature 

calls for a separate study. 

3.1.2. Literature Screening and Classification 

After defining the search criteria as shown in Fig. 1, the second and third phases included title and 
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abstract screenings that helped filter and classify the literature collection into 98, 64, and 18 studies 

corresponding to each major category: (1) BPM and process modeling; (2) process modeling for 

simulation; and (3) process mining, respectively. Then a full article screening was performed 

resulting in 64 documents for the three categories. Ultimately, a “snowballing” technique was 

implemented consisting of reviewing reference sections from each document to find any additional 

relevant studies on Google Scholar through their corresponding citations. The final stage consisted 

of an in-depth comparative analysis that scrutinized more than 96 documents to extract detailed 

and aggregated insights from them. Given that most process-oriented studies are indirectly or 

directly related to BPM, the main selection criteria centered on the BPM life-cycle phases: process 

identification, discovery, modeling, analysis, redesign or re-engineering, implementation, 

monitoring/controlling, and improvement. Thus, if the studies covered one or more of these phases 

with a clear distinction of the studied process, methods, analyzed components and characteristics 

across any of the major project life-cycle stages, they were selected, fully scrutinized, and 

aggregated as described in the following section. 

3.1.3. Keyword Co-Occurrence 

Keyword co-occurrence is a quantitative technique that falls under the umbrella of scientometric 

research, which aims to identify main scientific themes, network analysis, trends, and other 

research patterns from the entire collected body of knowledge. In this research, keyword 

cooccurrence served to perform a bibliometric network analysis of the collected process-oriented 

literature by quantitatively identifying pairs of keywords that frequently occur in the literature. 

This frequency-based analysis helped to identify major scientific research knowledge areas 

and their most frequent interrelations [129]. As a result, a network composed of four major 

interrelated clusters was found by analyzing the co-occurrence of key terms frequently contained 

in the collected literature. Figure 3-2 shows the identified major clusters: process mining; process 

modeling; process management interlinked by a fourth central cluster, construction management. 

The sphere node sizes show the overall importance degree centrality of each term, meaning that 

nodes holding more edges are of higher relevance, and the thickness of arcs/edges indicates the 

strength of interactions between connected terms based on their frequency of occurrence in the 

literature. 
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Figure 3-2. Process-oriented clusters in the PMM literature 

3.1.4. Publishing Trends 

As part of the scientometric analysis, the number of published process-oriented studies per 

year was investigated, as aggregated in Figure 3-3. It is worth noting that the bulk of the reviewed 

studies (73 out of 96) were published in the last three decades. Also, Figure 3-3 provides a drill-

down view of these publications per year per cluster. With the advent of the internet and cutting-

edge ICT developments, the number of publications significantly jumped in 2010, keeping an 

exponential growth to date, including studies on BPM, formal knowledge process modeling, 

process modeling for simulation, and process mining. Another relevant aspect to highlight from 

the Figure 3-3 is that studies published before 2008 mainly belong to the process re-engineering, 

management, and modeling clusters setting the knowledge foundation for more advanced studies 

[68, 130]. 
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Figure 3-3. Publishing trends on process modeling and management (PMM): (a) publications over the 

years; and (b) publications 

3.2. PMM in Construction  

Construction projects comprise a broader scope than construction processes and must be 

completed within agreed deadlines. Yet, projects can be viewed as a compendium of major 

processes (i.e., work packages) required across the entire project lifecycle, from conception to 

realization, and involving the execution of several interrelated subprocesses [131]. However, 

unlike construction projects’ unique, dynamic, and temporary nature, construction business 

processes are expected to be reusable, customizable, and interoperable across similar projects to 

ensure their technical compliance, meet quality requirements, and streamline construction 

operations. Therefore, process complexity levels vary according to projects’ specificities and 

stakeholders’ roles and responsibilities in those processes [83]. 

Effective and efficient process management across a construction project’s life cycle is 

crucial not only for contributing to the project’s success but also for overcoming the productivity 

challenge faced by the construction industry. In this regard, Dixit, et al., (2019) reported several 

factors that impact construction productivity involving drawing errors; labor, material, and 

equipment unavailability; untimely communication of information requirements; and poor 

coordination and management between parties. Along the same line, from a meta-analysis of 26 

studies, Horman and Kenley (2005) concluded that 49.6% of construction operative time is wasted 

in non-value-adding activities [132]. 

The construction sector recognizes the need for a structured process-oriented knowledge 

management approach to optimize operations and mitigate the negative impacts on construction 

productivity [128, 133-135]. Addressing this need can result in significant quality improvements, 
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cost savings, and on-time project delivery. Sanvido (1988) introduced a conceptual construction 

process model (CCPM) that focused on control roles at various organizational levels to assist 

construction forepersons. Implementing CCPM led to enhancements in productivity and budget 

savings of up to 5%. CCPM aimed at streamlining construction process management [81]. 

To further analyze construction processes and their effect on organizational performance, 

it is crucial to identify major processes’ components, their relations, and characteristics. In this 

regard, El-Gohary and El-Diraby (2010) provided a comprehensive process knowledge 

representation for the construction domain including process activities, process perspectives, task 

dependencies, and rule constraints [133]. Moreover, Nik-Bakht and El-Diraby (2015) contributed 

to the body of knowledge by conducting an extensive review on decision-making in the 

construction domain [136], highlighting the importance of Social Network Analysis (SNA) in 

uncovering hidden organizational performance patterns in construction projects and how they 

influence decision-making [137]. 

From the reviewed literature, and to obtain a high-level view of the significance and 

complexity of construction process management, I developed the high-level construction process 

taxonomy shown in Figure 3-4, highlighting major components organized in classes and subclasses 

that in turn were derived from commonly used industry terminology of the main intrinsic and 

extrinsic process characteristics. This figure was derived from the systematic method depicted in 

Figure 3-1 in a way that selected studies were categorized in four major clusters during the 

scientometric review as shown in Figure 3-3 (i.e., ontology, process-mining, simulation, and 

general PMM). Then, based on this categorization, the “As-planned” element under the “process 

model types/states” component depicted in the figure was derived from reviewing ontology-based 

studies [24, 133]; the “As-is and As-happened” element, from process-mining and PMM studies 

[93, 138-140]; and the “To-be” element from simulation-based studies [141, 142], to mention just 

a few. Subsequently, the “Knowledge Assets” and “Constraints” components [53, 141, 143] were 

inspired by Golzarpoor (2017), Hosny et al. (2020), and Liu et al. (2015); the “Nature” component 

[94] was derived from was derived from Abourizk et al. (2016), and all other components and 

elements were derived from the aggregated review analysis summarized in Table 3-1 and Table 

3-2. As depicted in Figure 3-4,  the main challenge lies in managing all of these components, their 

complex network-like interactions, and their influence on process performance. The complexity 
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of construction processes varies according to the type and size of projects. These components can 

be part of a local or global supply chain comprising several project stakeholders interacting to 

deliver a valuable product or to provide a high-quality service to clients and end-users. For this to 

happen effectively, it is essential to consider the dynamic nature of construction processes and the 

required efforts to integrally manage a project [144], including among others (1) effective 

allocation of resources and organization of work for achieving on-time and on-budget project 

deliveries; (2) identification of stakeholders and interface coordination; (3) proper communication, 

information exchange, knowledge management, and collaboration among teams; (4) consideration 

of process constraints, states, and performance; (5) identification of any potential risks along with 

their mitigation; and (6) waste identification and management across the entire project life cycle 

[58, 145]. 

 

Figure 3-4. Construction process taxonomy - components and characteristics 

 

3.2.1. Process Modeling in Construction Simulation 

Conceptual process modeling has been widely used in the construction industry for scheduling and 

construction simulation since 1957 and 1970, respectively [74, 146-148]. Construction simulation 
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is described as a mathematical representation of building systems by computer software, where 

processes are modeled using graphical interrelated entities and coded algorithms to mimic the 

dynamic real system behavior so that it can be improved based on what-if analyses of multiple 

execution scenarios [94]. In this study, although the scope does not include reviewing the rich 

domain of simulation in construction, it is essential to look at this domain from a PMM perspective 

as one of the main areas where contributions to identification and modeling of construction 

processes are reported. The focus, however, is on how the construction operations models are 

derived and represented, their main capabilities, and limitations against other PMM studies, and 

the way their model performance is measured and monitored (rather than the simulation technique 

used). 

Although discrete event simulation (DES) considers the stochastic nature of construction 

processes, it turns out that most existing DES-oriented studies still heavily rely on manual and 

subjective methods for collecting data and modeling construction operations [142, 147, 149]. 

Besides, it is worth noting that DES alone does not suffice to accurately capture and study the 

complex and dynamic system behavior of construction processes. Thus, recent studies have shifted 

toward more hybrid methodological approaches that integrate DES with system dynamics (SD) or 

with agent-based simulation (ABS) to capture not only stochastic behavior from discrete variables 

at the operational level, but also dynamic behavior from continuous influencing variables (i.e., 

context level) that tend to change over time and that should loop back to the operational level to 

effectively support decision-making [150], as well as collective emergent behavior that results 

from complex interactions among autonomous agents (i.e., process stakeholders) [151, 152]. 

However, most of these simulations (inside and outside the construction domain) run on top of 

“as-planned” processes rather than on top of actual executed “As-happen(ed)” E2E processes 

which result in a lack of fact-based insights [153].  

The integration of hybrid simulation approaches and automated process model discovery 

through process mining algorithms has tremendous potential for efficiently modeling, managing, 

and improving construction processes [154]. Process mining provides automated modeling and 

monitoring capabilities of actual construction operations while hybrid construction simulations 

provide forward-looking predictions—that is, the “to-be” process analysis based on data-driven 

knowledge pattern discovery [153, 155-157]. In this respect, various studies have highlighted the 
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importance of process modeling and process mining to develop reliable and robust simulations 

[84, 158, 159]. Table S1 provides a comprehensive aggregated analysis of the reviewed studies on 

process modeling for simulation. 

3.2.2. Classification Framework for PMM Literature in the AEC/FM Domain 

Golzarpoor (2017) reported two principal approaches to derive and study construction processes: 

bottom-up and top-down. The former represents process models by identifying a core sequential 

structure from previously implemented construction workflows, the latter derives them from 

industry best practices generally through the development of domain ontologies, which can be 

described as formal domain representations that include concepts, actors with clear roles, relations, 

and meaningful logical axioms or rules [53, 133, 160]. Similarly, besides stressing the importance 

of managing construction process complexity in achieving project success as depicted in Figure 

3-4, the conceptual framework shown in Figure 3-5 is proposed, which results from distilling the 

reviewed PMM literature and from observing that most process-oriented studies in the AEC/FM 

domain fall into two major categories according to their process modeling and analysis approaches. 

On the one hand, the top-down approach is characterized by the generation and analysis of 

governance process models, best practices, or Standard Operating Procedures (SOPs). On the other 

hand, the bottom-up approach majorly focuses on deriving and monitoring actual process 

execution. From the aggregated analysis, a need for a more hybrid approach was identified, which 

can help to operationalize, monitor, and improve construction processes and their related 

governance strategies. To this end, a continuous process improvement philosophy was 

incorporated into the integrated framework [161] as depicted in Figure 3-5. The “Results” section 

provides further details on the in-depth literature analysis related to the proposed PMM framework. 
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Figure 3-5. PMM conceptual classification framework 

3.2.3. Construction Processes in PMM studies 

The first step toward construction process improvement and process automation is identifying 

relevant processes that need to be audited, controlled, or enhanced. Once identified, it is critical to 

constantly measure and monitor their performance against key performance indicators (KPIs). 

Thus, business organizations should not only have well-defined KPIs but also have a properly 

established process classification framework, process portfolio, and SOPs [162]. In this regard, 

Benevolenskiy (2015) suggested two major construction process categories: (1) administrative, 

which includes any management and support processes (e.g., progress payment, purchase order 

approval, request for information); and (2) operational, which involves any core processes related 

to construction operations (e.g., mobilization, earth moving, steel framing, concrete formwork, 

finishing) [83]. The former category can be considered service-based processes that support 

mainstream construction work. They mostly include management and business-centric tasks. The 

latter category can be considered product-based processes, which comprise mainstream work that 

takes place in the field and on job sites. An aggregated view of PMM studies within the AEC/FM 

domain is presented in Table S2 and Table S3. This view maps each of the reviewed PMM studies 

to the construction processes examined in the study and to the associated process model types (i.e., 

“as-planned,” “as-happened,” and “to-be”) for both service-based administrative and product-

based operational processes. 
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3.2.4. In-Depth Literature Analysis of PMM Studies 

The proposed classification framework for PMM studies introduced in Figure 3-5, helps to 

categorize process-oriented literature from the AEC/FM domain into two major classes according 

to the process modeling approach adopted in the studies. One is the top-down approach if the 

process model is considered a priori to the executed actual process—that is, the activities are 

expected or forced to follow a predefined process sequence (i.e., SOP workflows or governance 

models). In this case, the processes are usually regulated and imposed by the upper-level 

management of an organization. Ontologies are frequently developed to build these process models 

and used as a tool to capture and manage knowledge. Oppositely, if the study aims to “learn” the 

processes from observing and analyzing data of various activities and events, it follows the bottom-

up approach. In this category, predetermined process models are not essential and are expected to 

“emerge” from the analysis of as-happened operation processes. The latter approach makes use of 

data-driven techniques, including data mining and more specifically process mining with 

automated data acquisition technologies to derive these models [163]. 

3.2.4.1. Top-down PMM (Knowledge-Driven) Studies 

Cheng and Tsai (2003) proposed a method for re-engineering construction management processes 

focusing on improving efficiency by identifying deficiencies before implementing process 

automation. The proposed method comprised (1) process representation to identify and prioritize 

core processes; (2) process transformation to model them using integrated definition (IDEF0) 

notation; (3) process analysis based on a “target achievement matrix” to identify major process 

defects against target KPIs to evaluate process performance; and (4) process redesign to evaluate 

process bottlenecks, set redesign rules, and propose process improvements [164]. Even though 

Cheng and Tsai’s technique to evaluate business processes was useful, it had the following 

limitations. First, no practical implementation of the re-engineered process was carried out to 

actively monitor its performance. Second, after identifying major process pain points, no 

automation strategies were implemented to make the process more efficient (Dave 2017). Third, 

the study was customer-oriented, but it did not consider industry best practices or lessons learned 

from previous projects [53]. 

Expanding on prior work, Cheng et al. (2015) proposed a matrix organization process re-
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engineering approach that combined business process re-engineering with knowledge 

management (KM). Core processes were modeled using an event-driven process chain language 

notation (e-EPC) to evaluate their performance based on KPIs and identification of bottlenecks. 

Also, performance and service gaps were identified during the process analysis, which set the 

baseline for process redesign and control. Lastly, reengineered processes were validated against 

no re-engineered processes (i.e., previous versions) based on a process value gain metric. The 

authors considered a crucial KM component that allowed organizations not only to analyze and 

redesign processes but also to retain operational knowledge [165]. However, Cheng et al. did not 

address automated process modeling techniques, process configuration procedures, or process 

reusability potentials [83]. 

Costa et al. (2019) proposed a comprehensive governance framework to manage processes 

involved in the execution of public construction projects at the organizational level. This 

framework incorporated a BPM approach comprising four phases: (1) planning and development 

of organizational business maps; (2) process analysis, consisting of the identification of main 

process deficiencies and process classification [166]; (3) process modeling of high-priority 

processes; and (4) processes optimization based on expert knowledge [75]. Despite its broader 

BPM scope, Costa et al. adopted a manual as-planned modeling approach and subjective 

validation. Table 3-1 provides an aggregated comparative analysis of major top-down process-

oriented studies in the AEC/FM domain, highlighting their main process of interest, the focus of 

the study, data sources, tools, and methods. 

Table 3-1. Main PMM studies – ‘top-down’ approach 

References Modeled Process  

Data Source 

Details for Modeling 

Processes 

Method or  

Instrument 

 

Focus of the Study  

Costa et al., 2019 Project Delivery 

Management 
Expert's Knowledge BPM Cycle; Focus Groups BPM 

Golzarpoor et al., 

2016 

Request For 

Information (RFI) 

Consultation with Experts 

(Industry Best Practices) 
Workflow Inheritance 

Conformance & 

Customization 

Golzarpoor et al., 

2018 

Change Requests 

and RFI 
Reference Models 

.NET Windows 

Communication 

Foundation. Desktop-based 

WMS 

Interoperability & 

Customization 
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Cheng & Tsai, 

2003 Procurement/ 

Purchasing  

Expert's interviews & 

Firm's knowledge  

Target Achievement Matrix, 

Customer-oriented 
BPR  

Cheng et al., 2015 Target Achievement Matrix 

+ Knowledge Component 

El-Gohary & El-

Diraby, 2010b 
General 

Previous Initiatives & 

Ontologies 

Competency Questions- 

Protégé-OWL 

Transparency, 

Integration & 

Reusability 

El-Gohary & El-

Diraby, 2010a 

Urban 

transportation 

planning processes 

Project Information and 

previous ontologies 
Process Integrator Portal 

Interoperability/ 

Collaboration 

El-Diraby et al., 

2005 

Knowledge 

Management 

Taxonomy 

Previous Initiatives & 

Project Documents 

Competency Questions &  

e-CKMI Portal 

Knowledge 

Repository & 

Transparency 

Benevolenskiy, 

2015 

Produce Precast 

Columns & Slabs  

Previous Ontologies & 

Existing Standards 
Process Configurator-OWL 

Dynamic Process 

Configuration (Rule-

based) and reusability 

In a high labor turnover industry, preserving construction knowledge is crucial to reduce 

employee replacement costs and prevent knowledge loss from experienced and skilled personnel 

[89, 167]. Furthermore, capturing construction industry best practices as a structured process 

knowledge representation is challenging [53]. In this regard, Golzarpoor et al. (2016) introduced 

the industry foundation processes (IFPs) ontology inspired by industry foundation classes (IFCs) 

[168]. The IFP ontology provides a standard structure built on process-aware information systems 

(ISs) that facilitates process conformance checking to detect deviations between the as-planned 

governing models (i.e., IFP) and the actual processes. Construction organizations can prevent cost 

overruns, comply with normative auditory process standards, and increase process productivity 

and quality by detecting these deviations [24]. The IFP ontology also enables process 

interoperability across inter-company workflows [169]. However, in comparison with other 

ontologies in the AEC/FM domain [133], its process classes are far more limited, meaning that 

additional complex process interactions must be manually configured. Table S4 presents a detailed 

comparative analysis of reviewed process-oriented ontologies. 

El-Gohary and El-Diraby (2010a, p. 743) proposed an extendable construction process 

ontology, where “operations are modeled as interrelated processes or events that produce a product 

within a project, requiring resources with actor roles, mechanisms and constraints, attributes, and 

modalities” [133, 170]. Similarly, Benevolenskiy et al. (2012) developed a process configurator 

mechanism triggered by an ontology-based programming component and a rule-engine module to 
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identify construction process patterns composed of resources, subprocesses, and building objects 

for process reusability from project to project [160]. 

While ontology-based studies contribute to better managing of construction processes by 

providing clear, structured, and unambiguous semantics while increasing process transparency 

among projects, they fall short in monitoring the real performance behavior of construction 

operations. In this regard, many taxonomies and ontologies in the construction domain for PMM 

are underutilized in practice, often because they try to represent dynamic process execution even 

though most of them are static in nature, meaning that it is time-consuming and labor-intensive to 

manually update them every time new knowledge process components need to be captured. An 

additional detailed analysis of top-down studies is provided in Table S5. 

3.2.4.2. Bottom-Up PMM (Data-Driven) Studies 

Sigalov and König (2017) presented an automated bottom-up technique to recognize typical 

construction process execution patterns as process templates. The proposed method uses a four-

dimensional (4D) BIM model and a detailed project schedule as input. It then employs schedule 

decomposition algorithms and feature graph–based analysis to identify recurrent process patterns 

based on computed sub-schedule similarity indices to generate process templates [138]. Despite 

the automated method proposed in this study, the approach relies on an as-planned project 

schedule, as opposed to an as-happened process modeling approach. 

Shi et al. (2008) introduced a task-based method that enables automated modeling of 

construction processes. The study focused on the standardization of tasks by creating a customized 

library of coded atomic task components that consisted of actions, methods, and objects, assembled 

into logical sequences to generate construction process models according to customer needs. 

Moreover, the process tasks were categorized into fully automated, semiautomated, and manual; 

they included all required parameters to be executed in a workflow management system (i.e., 

iFlow) [27]. Unlike other bottom-up studies, Shi et al. focused on modeling administrative 

processes, and although their logic could be applied to construction operations, they did not cover 

other BPM aspects such as automated process discovery, process evaluation, and process 

optimization, which are essential for process improvement [141]. Table 3-2 provides an aggregated 

comparative analysis of major bottom-up process-oriented studies in the AEC/FM domain, 
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highlighting their main process of interest, focus, and main data sources, tools, and methods.  

Table 3-2. Main PMM works – ‘bottom-up’ PMM approach. 

References Modeled Process  

Data Source 

Details for Modeling 

Processes 

Method or Instrument 
Focus of the 

Study 

Sigalov & König, 

2017 
Cast-in-place columns, 

Electrical and sanitary 

Installation 

BIM and schedules 

(project information) 
Feature-based similarity 

Discovery & 

Reusability 

Marengo et al., 

2019 
Floor and window 

installation 
Historical project data 

CoPModL (a modeling 

language for 

Construction Process 

Management) 

Transparency 

& Conformance 

Correa, 2018 Column assembly &  

masonry walls 

Onsite sensors and 

historical data 

Cyber-Physical System-

Ultra Wide Band 
Transparency 

Amer & Golpavar-

Fard, 2021 
Various  

construction process 

sequence patterns 

Schedules from 

previous projects 

Text mining & 

supervised learning 
Reusability 

Liu et al., 2015 
On-site construction of 

panelized building 

projects 

BIM and project 

information; 

managers' experience 

Discrete Event 

Simulation 
Optimization 

Shi et al., 2008 Procurement/ 

purchasing  
Previous studies 

Task-based 

programming 

Reusability 

(Task Library) 

Chau et al.2021 
Contract Management & 

Scheduling - Highway 

construction 

Historical project data 

Pattern mining, 

statistical analysis, and 

network analysis 

Pattern 

Discovery& 

Scheduling  

Under the premise that existing standard process modeling notations fail to properly 

capture spatial locations where construction operations occur, Marengo et al. (2019) proposed a 

location-based process modeling language for the construction domain (CoPModL). CoPModL 

was built on formal semantics and a graph-based algorithm using linear temporal logic over finite 

traces theory to validate process model satisfiability. It considered elements like construction 

phasing, activities, task locations, and location-based task interdependencies. Marengo et al. (2019, 

2021) offered an open web-based platform to model construction processes using CoPModL [80, 

171]. Although CoPModL integrated the spatial location of process activities, the process 

modeling part was manual according to a pre-structured grid convention, which was error-prone 

and time-consuming. Table S6 provide a more detailed comparison of bottom-up studies. 
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3.2.4.3. Need for Automated Process Management 

As a result of the top-down and bottom-up comparative analyses on process modeling and 

management, it turns out that construction projects in the AEC/FM domain have a clear need to 

transform current methods of capturing, modeling, and analyzing business processes from manual 

subjective techniques into more automated and data-driven techniques. Some studies have started 

to explore the capacity of computer vision and similar data-driven techniques such as machine 

learning and deep learning for activity recognition [172-175]; While such studies indirectly 

contribute to the automation of process discovery and analysis, they are set aside from the in-depth 

review analysis here, as this study specifically focuses on detecting, modeling, and management 

of E2E processes (unlike activity-oriented studies). For instance, Correa (2018) adopted an 

automated construction process modeling approach using Petri nets notation based on ultra-wide-

band data acquisition as a CPS [176]. Amer and Golparvar-Fard (2021) automatically generated 

dynamic process model templates from construction schedules of previous projects through text 

mining and machine learning [177]. Similarly, Le et al. (2021) proposed a data-driven process 

modeling approach through pattern mining and network analysis to detect construction activity 

sequences based on as-built pairwise logical relationships in highway construction projects [140]. 

However, these studies focused merely on automatically modeling siloed construction activities 

without actively monitoring and analyzing all (i.e., E2E) process performance behavior to spot 

inefficiencies, which would have enabled a more holistic process monitoring and management 

approach. 

Figure 3-6 reveals understudied research areas in the PMM literature for the AEC/FM 

domain, representing key opportunities for future research in this field. The coverage scale, defined 

based on a thorough subjective assessment, is as follows: (0 if the criteria are not investigated; 5 

if the aspects are addressed by the study; and 1–4 if the study partially covers the subject). As seen 

in the figure, there is a need for longitudinal process-oriented studies that consider the entire BPM 

cycle, including the business processes redesign, the implementation of re-engineered processes, 

and, most important, the automated process monitoring with predictive capabilities to extract 

process performance behavior patterns so that they can be benchmarked against clearly defined 

business KPIs to trigger process improvement strategies and automation opportunities [56]. 
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Figure 3-6. Aggregated perspective of PMM studies. 

3.3. Process Mining in Construction 

Taking the need for automation into consideration, process mining is all about logging, exploiting, 

and replaying actual operational data in the form of event logs on top of the automatically 

discovered process models to monitor and manage E2E processes [178]. Unlike digitally intensive 

sectors, construction is part of the lagging non-digitally intensive sectors facing stagnant 

productivity over the past three decades [3]. Hence, since construction projects are process-heavy, 

the adoption of process mining is becoming essential to address productivity stagnation in the 

sector, representing the missing piece for enabling more automated and efficient PMM in the 

AEC/FM domain. 

Table 3-3 presents a comparative analysis of studies on process mining in the AEC/FM 
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domain. These studies set the foundation for process mining in construction, representing early 

efforts to support automated data-driven PMM in the industry. However, the body of knowledge 

in this area is not yet mature. As shown in the table, these studies consider only one process 

perspective at the time of analyzing construction processes [89, 90, 178, 179]. This observation is 

important given that the recently emerged object-centric process mining discovery enables a multi-

perspective cross-analysis of intertwined processes [180]. Thus, the feasibility of applying this 

technique should be further investigated. Also, the table shows that the construction-related event 

logs of these studies are majorly extracted from different data sources, such as BIM, unmanned 

aerial vehicle (UAV) technology, IT systems, facility management systems, and radiofrequency 

identification (RFID) systems, among others. It is important as well that the main process mining 

algorithms adopted by these studies to derive and analyze construction processes from operational 

event logs are the inductive miner and the fuzzy miner, which are among the most robust 

algorithms used by researchers. The former derives concurrency process behavior, while the latter 

facilitates discovery of a simplified sequential view of a process [11]. 

Table 3-3. Process mining studies in the AEC/FM domain by project phase 

Study criteria\ Phase Design Construction Operation 

Author & Year 
Kouhestani & 

Nik-Bakht 

(2020)  

van Schaijk  

(2016) 

van Schaijk 

 (2016) 

Pan & Zhang  

(2021) 

Rashid & 

 Louis (2020) 

van Schaijk  

(2015) 

Main Data sources 
BIM  

(Model in 

Revit) 

Systems 

Engineer IT 

system database 

BIM & 

Construction 

Schedule 

As-Built 3D Point 

Clouds -UAV 

 BIM Models  

& Construction 

Schedule 

As-Built 3D 

Point Clouds -

UAV 

RFID 

Database 

Planon 

Facility 

Management 

System 

Applied Discovery 

Process Mining 

Algorithms 

Inductive 

Miner 
Fuzzy Miner Fuzzy Miner 

Inductive Miner 

Fuzzy Miner 

Inductive 

Miner 
Fuzzy Miner 

Modeled Process 

Perspectives 

Control-Flow 

Time 

Organizational 

Control-Flow 

Time 

Organizational 

Control-Flow 

Time 

Organizational 

Organizational 

Time 

Control-Flow 

Time 

Control-Flow  

Time- Cost  

Single 

Perspective 

 at a time 

Single 

Perspective 

 at a time 

Single Perspective  

at a time 

Single 

Perspective 

at a time 

Single 

Perspective 

 at a time 

Single 

Perspective  

at a time 

Modeled Process 

Disciplines  

Architectural 

Structural 

MEP 

Civil 
Architectural and 

Structural 

Architectural 

and Structural 

Assembly 

Line 5 Units 

Sanitary, 

Electric & 

Plumbing 
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Process Model Types 

Design 

Authoring 

Process (As-

Planned VS 

As-Happened) 

As-Is Process 

Model 

(Design 

Specification 

Process) 

As-Planned & As-

Built 

(Construction 

Operational 

Process) 

As-Planned & 

As-Built 

(Construction 

Operational 

Process) 

Predefined 

Production 

Plan vs. As-Is 

Process 

(Assembly 

Line Process) 

As-Is Process 

Maintenance 

Error Handling  

Main Target Group BIM Managers 

Process 

Engineers 

Project 

Managers 

Contractors 

BIM and Process 

Mining 

Researchers 

Industry 

Practitioners 

Project 

Managers 

Process 

Managers 

Facility 

Management 

Processes 

 Main Enhancement 

Target 

Design 

Productivity 

Process 

Efficiency  

Process 

Transparency 

 Process Planning  
Process 

Efficiency  

Construction 

productivity, 

Process 

Improvement 

Process 

Discovery,  

Process 

Improvement 

Another important aspect to highlight in this comparative analysis is the fact that most of 

the process-oriented studies in the AEC/FM domain did not fully explore the potential of process 

mining technology across life-cycle phases. More specifically, the literature mainly covered 

process mining for design or construction operational processes [89, 90, 178] and barely addressed 

the potential of this technology for investigating the performance of key construction 

administrative processes such as requests for information (RFIs), procurement management, and 

change management. To tackle this gap, efforts have been made to exploit process mining 

automation in unveiling, analyzing, and improving the actual performance of construction 

administrative processes, particularly by developing a process mining use case for change order 

management during the construction phase and proposing a framework for event log generation 

specific to the construction domain [181]. Table S7 provides a detailed comparison analysis of 

process mining studies. 

3.4. Identification of Construction Business Processes by Project Phase 

The life cycle of most construction projects follows four major phases from conception to 

completion: tendering, preconstruction, construction, and postconstruction. In each of these 

phases, key administrative processes were identified from the literature review: process mining, 

modeling, and management as presented in Tables 1–3. I categorized these into three major classes: 

(1) project management–related; (2) financial management– related; and (3) sustainability–related. 

Accordingly, a conceptual classification process model, referred to as an IRIS model, was 

developed as shown in Figure 3-7. IRIS stands for integrated, reliable/reusable, intelligent, and 
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sustainable, alluding to the process characteristics/capabilities that should be enabled and 

considered in any construction project. 

 

Figure 3-7. IRIS classification model of service-based administrative processes. 

More specifically, to generate this model, key administrative processes were categorized 

across a construction project’s life cycle as reported in the literature, then validated and 

complemented them with subject matter expert inputs from the interviews. These processes include 

those in the tendering/planning phase, such as bidding and cost estimation [182-185]; the pre-

construction phase, including VDC-based processes, procurement management, and risk 

management [186, 187]; the construction phase, comprising change order management, requests 

for information, and progress payments, among others [181, 188-190]; and the post-construction 

phase, such as deconstruction, commissioning, and work order management [31, 191]. In this 

context, the proposed model aims to build and identify a comprehensive process portfolio with the 

potential for implementing data-driven techniques supported by ICT (i.e., process mining) to 
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facilitate performance monitoring, compliance assessment, and improvement initiatives by 

detecting automation opportunities for streamlining key business processes. It is worth mentioning 

that these processes may be interrelated with one another and across project phases.  

3.5. Operational Model Canvas Design to Support PMM in Construction 

Finally, a business process model canvas is proposed, derived from the exhaustive analysis of the 

literature on BPM, PMM, and process mining in the construction industry. Considering that 

construction processes tend to be overlooked across the life cycle of projects and the lack of 

visibility of real process performance, the proposed canvas shown in Figure 3-8 aims to address 

this issue by serving as a user-friendly and customizable tool for construction organizations and 

industry professionals to audit, monitor, and manage their construction operations. The canvas can 

help them build their corporate memory and information assets, including their main process 

portfolios, to better plan, document, assess, and communicate their key processes. It is also a 

supportive tool for identifying the need for business process re-engineering and performance 

monitoring (i.e., efficiency) of improved processes. The ultimate goal of this wireframe canvas 

model is to automatically create digital dynamic process performance dashboards considering 

multiple relevant perspectives and KPIs such as labor productivity, SNA, costs, and time process 

duration. It can support data-informed decision-making as an essential component for project and 

process controls, streamlined process certification audits [192], and automated PMM in the 

AEC/FM domain. The wireframe of the model presented here is composed of seven major 

components selected to be in line with the extracted high-level taxonomy depicted in Figure 3-4, 

the highlighted criteria from Figure 3-6, and informed by industry experts’ inputs collected through 

semi-structured interviews, summarized in the next chapter (i.e., key business processes, major 

bottlenecks, and process data management needs). Notably, in the reviewed PMM literature no 

construction process-oriented digital dashboards were identified showing the components, whose 

monitoring is critical for carrying out process control audits and implementing longitudinal process 

improvement initiatives. 
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Figure 3-8. Business process model canvas management tool ("As-is" RFI process). 

3.5.1. Process Automation (Section 1) 

The purpose of this section is to monitor the current level of automation for the process of interest 

according to any automated aspects currently implemented to make modeled processes more 

efficient. These criteria were defined based on the reviewed literature, including but not limited to 

the automation of data acquisition for input process modeling; process discovery and modeling; 

repetitive or trivial process tasks; process conformance; process monitoring; implementation of 

knowledge management systems; and incorporation of predictive analytics. It is noteworthy that 

these criteria are customizable to meet organizational needs and goals. 

3.5.2. Process Uses and Level of Abstraction (Section 2) 

This section has two parts; the first part consists of specifying the intended uses of the modeled 

processes as shown in Figure 3-8. In parallel, the second part shows the current and target levels 
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of abstraction considered for modeling the process of interest; these levels should be defined 

according to their intended process uses and organizational goals. In this vein, five main levels of 

abstraction were identified for process modeling suggested by [53]. From the most general to the 

most specific, they include the following: (1) meta-level: process steps are conceptually described 

either textually or in a flowchart; (2) structured level: process models are represented in a standard 

or formal modeling language notation including execution details; (3) customized level: structured 

processes are customized as required by construction organizations to ensure process quality and 

conformance with industry best practices, building standards, and organizational regulations; (4) 

implementation level: representation includes both manual and automated process tasks; and (5) 

instance level: representation includes the executed version of an implementation-level workflow, 

which can include several workflow instances carrying all the execution data associated with the 

process steps. Construction organizations must evaluate the current level of abstraction of their 

processes and define their target levels according to their operational requirements. 

3.5.3. Process Information Details (Section 3) 

At the top right of the canvas are the process modeling details, which can include formal modeling 

language notation, execution language, interoperable exchange file extensions, and any 

implemented management systems hosting digital traces of the processes under investigation. 

3.5.4. Process Monitoring (Section 4) 

At the bottom right of the canvas, two main aspects are considered: process model perspectives 

and, most important, key PPIs used to evaluate overall process performance. For the given example 

shown in Figure 3-8., the modeled process considers control flow and organizational perspectives; 

the key PPIs of interest are related to process conformance. 

3.5.5. Process Maturity Level (Section 5) 

This section of the canvas involves the evaluation of six success factors reported in the literature 

which form the basis of any BPM implementation initiative at different levels of process 

granularity. It should show the assessment of the maturity of the process of interest in terms of 

critical business aspects [52, 70], including how well the process supports the business strategy, 

meets regulations and incorporates efficient methods and relevant technologies, and how 
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transparent it is for stakeholders so that it can be incorporated into a broader process-aware 

business culture. 

3.5.6. Process Classification (Section 6) 

Shown at the left of the canvas are modeled processes classified in terms of their depicted state 

and nature as described in previous sections of this study. 

3.5.7. Process Model (Section 7) 

This section represents the process model by its corresponding modeling notation and shows terms 

to describe the process, such as versioning, authorship, conformance status, auditor, and a register 

listing of all issues organized by priority and the person responsible for tracking and resolving 

them. It indicates what activities should be performed, by whom, and who can or cannot perform 

the process activities. 

3.5.8. Canvas Implementation 

To demonstrate the process canvas implementation, the RFI process benchmarked by Golzarpoor 

et al. (2016) is used as a reference. For this administrative process, the proposed model can, for 

instance, be used to monitor conformance checking. As shown in Figure 3-8, conformance 

checking is carried out by benchmarking the RFI “as-happened” against “as-planned” process 

model. The canvas helps to (1) identify non-conformities; (2) assign responsible parties to resolve 

conformance issues; and (3) set the priorities and business PPIs to track and monitor process 

execution flow. Moreover, it outlines (4) major process characteristics; (5) the analyzed 

perspectives; (6) the main uses of the documented process; and (7) a high-level assessment of 

process automation, abstraction, and maturity. Golzarpoor et al. (2016) extracted the as-happened 

RFI process model from previous process executions stored in a KM system, and automated 

process conformance checking was automated through an object-oriented programming alloy 

algorithm [24]. It is worth noting that the RFI process is present in most (if not all) construction 

projects and not managing it effectively can lead to work disruptions, additional cost, and time 

overruns. Figure S1 - Figure S3 include a blank canvas and additional application examples of this 

process management support tool [26]. 

While process standardization is essential, no single model can fully capture the inherent 
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variability of construction business processes, as reflected in the process taxonomy presented in 

Figure 3-4. Modeling, monitoring, managing, and ultimately improving these processes require 

consideration of specific situational factors, their dynamic nature, and the contextual attributes of 

the organization and its project portfolio. Without overgeneralizing, this operational process-

oriented model provides the common denominator distilled from the literature, which must be 

tailored to specific project requirements and organizational management strategies when applied. 

3.6. Identified Research Gaps and Future Directions 

After a thorough examination of the PMM literature in the AEC/FM domain coupled with the 

results analysis of the industry-oriented interviews, the following major gaps and their potential 

future directions were identified:  

1. The construction industry continues to rely on manual and subjective methods (i.e., 

workshops) for modeling and managing construction operations [75, 80]. Although these 

methods help to structure and model process workflows, the resulting models easily become 

outdated or they even end up on an office board not properly documented. This is time-

consuming and error prone. 

• Investigate more advanced data acquisition technologies (e.g., IoT sensors, laser scanners, 

UAVs) and more novel automated methods (e.g., multidimensional process mining, AI-

enhanced process mining, RPA) to derive, analyze, and improve construction processes 

from digital data sources (e.g., cloud platforms, BIM, KM systems). Implement them to 

streamline and objectively support construction PMM [76]. Identify and overcome barriers 

to adoption by analyzing and demonstrating, for instance, the real business value of 

implementing these processes as part of specific process improvement initiatives in 

construction organizations (return on investment in terms of productivity growth, cost, time 

saving, etc.). 

• Further explore process mining applicability in the digital construction supply chain for 

both traditional and modular construction to achieve significant process improvements [90, 

179]. 

• Realize the opportunity of leveraging process mining for financial business process 
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operations (i.e., fraud detection) in the construction domain [181]. 

2. Most construction process models in simulation-based studies are as-planned rather than as-

happen(ed)/actual, which can yield misleading simulation results. 

• Future construction simulation studies (e.g., DES, SD, ABS) can capture actual process 

execution performance (i.e., through process mining) to evaluate what-if process 

improvement scenarios that enable data-informed predictive analytics to optimize the 

actual behavior of construction processes. 

• Given the different nature of the two practices, develop separate applications for on-site 

and off-site construction. Process mining can be specifically helpful in aligning, 

monitoring, and improving off-site (factory) production processes. 

3. There is a pressing need to operationalize sustainability governance strategies. 

• Investigate new policies, standards, and mandates for green procurement that have been 

defined and imposed by several developed countries to control and reduce embodied 

carbon emissions in the construction industry [189, 193]. Process mining plays a pivotal 

role in monitoring and ensuring compliance in the procurement decision-making process, 

with environmental regulations enabling green purchasing of goods and services. 

4. Ontology-based studies do not usually capture the full E2E performance behavior of processes 

of interest, and it can be time-consuming to generate ontologies for them. 

• Consider adoption of a more hybrid approach so that the process semantics of existing 

ontologies (i.e., top-down) can be enriched with actual process performance behavior (i.e., 

bottom-up). A combination of these approaches appears to be the ultimate key to intelligent 

process modeling and management in construction. Research and development will be 

necessary to enable flexible process templates that can be fed by the operation data and 

self-improve based on analytics and/or human feedback. The proposed canvas can be 

extremely helpful in structuring data and information for achieving this goal. 

5. Bottom-up PMM studies lack robust and quality process semantics as well as querying 

capabilities. Also, these studies are not longitudinal, meaning that they often do not consider 
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a holistic BPM management approach; instead, they are siloed process improvement efforts. 

• Enrich bottom-up studies with more robust ontological semantics and with a broader scope 

of analysis to holistically support construction process management. 

6. Existing process mining in the AEC/FM domain relies on a single perspective/case notion 

based on the XES standard instead of analyzing the performance behavior of intertwined 

business processes. 

• Unveil and monitor the multidimensional behavior of business processes commonly found 

in construction projects, in accordance with recent international event log standards such 

as OCEL, thereby helping to untangle the inherent complexity of these processes. 

7. Process mining studies in the AEC/FM domain analyze either design-based or operational 

processes, but they barely investigate the performance of significant service-based 

administrative processes, which can severely impact the timeline and cost of a project.  

• Investigate process mining capabilities to derive and dynamically analyze the actual 

performance of service-based administrative processes across all life-cycle phases of a 

construction project. 

8. The AEC/FM domain still lacks a robust and systematic methodological framework for 

generating high-quality event logs suitable for process mining applications. 

• Gather and investigate industry process knowledge requirements and data needs to design 

a process-oriented framework tailored to the construction domain that can enable the 

automated generation of event logs and dynamic process performance analysis. 

The common denominator in bridging these identified gaps is leveraging process mining 

capabilities alongside recent ICT developments (e.g., AI). One example is using process mining 

to automate process model discovery and re-engineering for the development of SOPs while 

continuously assessing and monitoring the performance of actual business operations to optimize 

their efficiency in the long run through data-driven decision-making and actionable insights. 
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3.7. Concluding Remarks 

This study enriches the existing body of knowledge on process mining, modeling, and management 

in the AEC/FM domain by providing an exhaustive systematic review of three decades of research. 

The review includes an in-depth comparative analysis of process-oriented research highlighting 

the relevance that effective and efficient PMM has in achieving construction project success. In 

practice, construction processes (either administrative or operational) are frequently overlooked 

and the monitoring of their performance (if any) is performed by time-consuming manual means. 

Thus, if not properly managed and controlled, they can lead to productivity loss, financial stress, 

delays, or project failure. This work provides scholars and industry practitioners with detailed 

findings on PMM that highlight major research gaps, main drivers, and future directions. 

The main contributions of this work can be summarized as follows: 

• An exhaustive analysis of process modeling and management in the construction industry 

that expands the literature by offering a research classification framework with a holistic 

longitudinal view of construction business processes. This holistic view includes bottom-

up and top-down approaches as well as major process modeling perspectives—as-planned, 

as-is/as-happened, and to-be”—for both operational and administrative processes. This 

framework will help future scholars better contextualize, benchmark, and drive PMM-

oriented studies. 

• The IRIS model introduced in Figure 3-7 contributes to the identification of key service-

based administrative processes across major life-cycle phases of a construction project. 

The identification of these processes opens up new possibilities for studying and 

monitoring actual process performance considering automated means and methods. Also, 

it will help construction organizations build or enrich their corporate memories by having 

in place a portfolio of the most relevant construction processes and their key performance 

metrics to be monitored. This portfolio will serve as a basis for implementing future BPM 

initiatives to make processes more efficient and so ensure project success.  

• A business process canvas model is proposed as a management support tool for project 

managers, owners, and project controllers in the AEC/FM domain to study, monitor, and 
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control the performance of the most critical business project operations. The aims are 

improvement, automation, standardization and repeatability, and interoperability of 

construction-related processes, ultimately driving construction productivity growth. 

Despite these contributions, this study has the following limitations. One, the proposed conceptual 

business process canvas model was manually designed; future efforts should be made to automate 

the creation of digital process performance dashboards in real or near-real time. Two, although 

realistic examples of the applicability of the business process model canvas are provided (i.e., 

Figure 3-8), its practical application in construction projects remains limited, with several 

opportunity areas needing to evolve and be automatically generated in the near future. Three, Four, 

analysis of any empirical data to implement the proposed framework and the process model canvas 

remains out of the scope of this study. However, recent efforts have been made to automate the 

extraction of real process analytics from construction management platforms to monitor the 

performance of administrative processes and support data-driven decision-making across the 

project life cycle [181].  

Given its limitations, it is noteworthy that the main goal of the synthesis offered here has 

been to bring the results closer to the application domain to enable process intelligence capabilities 

in construction projects. 
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CHAPTER 4.  PROCESS KNOWLEDGE & OPERATIONS DATA 

CAPTURE3 

As part of the requirements analysis (RO2), this chapter aims to investigate the significance of the 

identified administrative construction processes (i.e., service-based processes) by identifying those 

that are essential in most construction projects and exert a measurable impact on project time and 

cost performance. To this end, this chapter focuses on capturing process knowledge through the 

systematic collection of operational and contextual information related to the execution and 

significance of these processes across the entire construction project life cycle. The ultimate goal 

is to support the informed selection of critical process(es) for the detailed process mining analyses 

presented in Chapter 6. . 

In line with the findings of the literature review and in response to the previously identified 

gaps (see Gap 4), the process knowledge collection strategy adopted a hybrid approach. This 

approach involved capturing and analyzing both tacit and explicit knowledge, as well as collecting 

and understanding real-world project operations data, given their combined relevance to the study. 

This strategy is illustrated in the high-level methodological flowchart presented in Figure 4-1.  

4.1. Knowledge Capture 

4.1.1. Semi-Structured Interviews with Subject Matter Experts 

Explicit PMM knowledge drawn from the literature over the past three decades provides a robust 
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foundation for identifying core administrative construction processes that span major project 

phases, as visually aggregated in Figure 3-7. This also encompasses process components, intended 

model uses, modeling approaches, relevant PPIs, frequently reported inefficiencies, and other 

related elements. However, it is equally important to validate, align, and enrich this knowledge 

with a current industry perspective on PMM in the AEC/FM domain. This tacit knowledge is 

harder to capture as it mostly resides in the brains of industry practitioners [53]. Thus, it differs 

from person to person as it is highly dependent on the type of job position, project role, years of 

experience, and professional background. To capture this knowledge, semi-structured interviews 

were designed and conducted with subject matter experts. 

 

Figure 4-1. High-level methodology: process knowledge and operations data capture 

4.1.1.1. Design Overview of Semi-Structured Interviews 

The interviews were created, deployed, and stored using the Qualtrics online platform [194], under 

an ethics approval certificate by the Ethics Unit of the Office of Research, Concordia University 
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(Certificate number 30016847). The questions were formulated based on the exhaustively 

reviewed PMM literature and informed by the derived IRIS model in Figure 3-7. In total, 18 subject 

matter experts located in the US and Canada were interviewed. The interviewing period lasted 

three months, from mid-April to mid-July 2023. After careful examination, a maximum of 55 

questions were included in the interviews to limit their duration to about an hour. 

The interviews consisted of three major sections. The first section included questions about 

the respondent’s professional background, questions at the project level, and questions at the 

company level to gain an overview of the number and type of projects managed by the companies 

the experts represented. The second section was the heart of the questionnaire as its questions were 

fully process-oriented to capture process relevancy and priorities across life-cycle phases of a 

construction project, main process workflows, required information exchanges, process KPIs, 

major types and sources of bottlenecks, and parties responsible for executing the identified 

business processes. The third section investigated industry operational needs or requirements of 

data-driven insights to support fact-based decision-making in construction projects. It is worth 

mentioning that the semi-structured interviews reported in this study were mostly conducted to 

verify and validate the completeness of the identified processes and modeling requirements. They 

aimed not to provide any prescriptive results but to collect process-related experience (i.e., tacit 

knowledge) from industry professionals on the basis of the framework extracted from the 

literature. A greedy method was used for approaching as many subject experts as possible. The 

criteria for selecting the respondents included (1) representatives from all project phases, (2) a 

wide range of years of experience in different key project roles and covering most of the main 

identified processes, and (3) experience working in several projects of different sizes and 

complexity. Following a semi-structured interview format, the respondents were given the 

flexibility to freely respond to several interview questions based on the results of the literature 

analysis, and to provide any additional inputs. Hence, although neither a predefined sample size 

nor a specific sampling technique was used, the responses were valid to highlight practical industry 

perspectives on PMM [195], on the basis of insights from the literature synthesis. 
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Figure 4-2. Design overview of semi-structured interviews [46] 

Furthermore, the interviews were designed in a way to cover key administrative 

construction processes across the project life cycle, as identified by the literature analysis. As 

shown in the interview design overview in Figure 4-2, questions in Section Components 1 and 2 

covered the respondents’ professional profile and project life-cycle phases [196]; Section 

Components 3 through 6, identifying the major processes in the different project phases, were 

informed by the reviewed literature. For instance, Component 3 comprised questions related to 

processes in the tendering phase, including cost estimation [184], bidding [185], and budgeting 

[182, 183]. Similarly, Section Components 4 through 6 comprised questions related to key 

processes reported in research studies in the pre-construction, construction, and post-construction 

phases. Questions were designed based on analysis of the studies provided in Table 3-1-Table 3-3 
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and S1–S9. Questions were formulated to helped to gain insights into aspects such as officially 

modeled processes [36, 53, 184]; process model categories, i.e., “as-planned”, ”as-is”, “as-

happened”, or “to-be”, taken from [93, 128, 148] and identified process inefficiencies [53, 197]. 

Examples of these questions included (1) rate the importance of those processes in each phase; (2) 

describe the ideal (i.e., as-planned) process execution and its core steps; (3) identify main 

information requirements and stakeholders in key construction processes; (4) list main observed 

process bottlenecks or pain points; and (5) estimate potential project impacts due to inefficient 

construction operations among others. 

Outcomes of the literature analysis were used to structure and articulate questions for the 

interviews in different ways. First and foremost, the main business processes in construction were 

aggregated from the literature analysis and classified as service-based administrative or product-

based operational. Additionally a list of subprocesses and workflows was created for various 

phases of a project’s life cycle based on evidence from the literature [184, 196]. The list was then 

completed based on the information collected during the interviews. Second, for each class two 

comprehensive lists were developed: (1) shortcomings, challenges, and barriers listed for the 

processes in the literature; and (2) opportunities and solutions offered in the literature for process 

modeling, management, and improvement. Next, given the intrinsic intertwining of construction 

processes across a project’s life cycle [45], questions regarding the ripple effect of processes and 

their intertwinement across project phases were included. Then the important aspects emphasized 

in the literature to improve PMM in construction were translated into questions. One of the most 

frequently emphasized needs in the literature was the adoption of digitalization and development 

of data-driven solutions to support PMM [160, 178, 197]. Accordingly, another section component 

to the interview was added, Component 7, to ask respondents about the digital maturity of 

organizations in business processes management, mandates (i.e., SOPs), and business needs. 

Finally, a few questions were added regarding the most commonly used lexicon across the industry 

related to the identified business processes for future taxonomy and ontology development [133]. 

Interview outcomes are summarized and described next. 

4.1.1.2. Summary of Interview Results 

Based on the derived IRIS model introduced in Figure 3-7, subject matter experts were 

interviewed regarding their professional profiles and project-related experience. They were then 
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asked to select a construction project phase aligned with their roles and expertise. Similar questions 

were formulated for each identified process in each phase. The main process-related questions 

included relative process importance (Q1); potential impact of inefficient processes on the project 

timeline (Q2); and identified process bottlenecks (Q3). 

The literature and the initial data collected from industry experts suggested that the life 

cycle of construction projects follows four major phases once project feasibility has been verified: 

tendering, pre-construction, construction, and post-construction. Normally, tendering and post-

construction are less process-intensive than pre-construction and construction. Thus, a balanced 

number of industry experts were interviewed proportional to the number of identified standard 

processes in each phase, as shown in Figure 4-3. More specifically, 18 industry professionals were 

interviewed, including 3 in tendering, 3 in post-construction, 6 in preconstruction, and 6 in 

construction. This section presents the main results of the interviews. The first part discusses the 

respondents’ professional profiles. Figure 4-3 shows the years of experience of each respondent 

per role and phase. It is important that some of the respondents have had multiple roles throughout 

their professional careers. At the project level,  Figure 4-4 depicts the main project types on which 

respondents have worked against average contract values. 

  

Figure 4-3. Interview composition and professional profiles: (a) structure and distribution; and (b) years of 

experience by role. 
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Figure 4-4. Project types (response counts) by project base contract. 

At the company level, Figure 4-5 provides details about the number of projects managed 

per year by the companies the respondents work on, highlighting the average dollar value of the 

projects and the project life-cycle phase in which the respondents have been involved. 

 

Figure 4-5. Respondent support (%) by project contract value, phase, and number of managed projects 

per company per year. 

Process Relevance and Bottlenecks – The second part of the interviews was fully process-

oriented, Figure 4-6 shows the most relevant administrative processes according to respondents in 

terms of relative importance and potential impact on project timelines. Percentages in parenthesis 

indicate respondents’ support. These outcomes help to identify critical priority construction 

business operations from the practical industry perspective, where process performance requires 

frequent monitoring using automated techniques (i.e., for future process mining use case 

development). As observed in the figure, there are important relations and variations between the 

significance of these processes and their potential impact on a construction project’s completion 

timeline. In the case of tendering, the interviewees unanimously emphasized the “Bidding” process 

is the most preeminent business operation with 66% of the respondents stating that it can have an 
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important effect on the project's completion timeline. Given that the foundations of project 

planning are laid during the bid preparation, the synergy is not surprising. Under the pre-

construction phase, four out of ten identified processes stood out in terms of significance, i.e., 

“Contract Management", "Design Authoring/Design Approval", “Procurement Management”, 

and "Submittal & Transmittal Approval". Several factors may contribute to this, yet a salient 

evaluation from a time approval perspective suggests that the Submittal and Transmittal approvals 

often necessitate frequent stakeholder involvement and decision-making to facilitate the seamless 

process progression (83%). This is closely followed by the importance of design approvals and 

procurement management, while issues related to contract management may have critical 

implications on the project completion timeline.  

 

Figure 4-6. Process relevance and their effects on projects’ completion timeline according to respondents 

Under the construction phase, the three most important business operations according to 

respondents (out of a total of 17 processes) include "Progress Monitoring", “Material 

Management”, and “Change Order Management”, which can also have a high impact on the 

overall timeline of construction projects as they primarily deal with ‘day-to-day’ or ‘week-to-

week’ actions and approvals aimed at controlling project progress and ensuring adherence to the 
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schedule. At a lower level of respondents’ support, “space-time planning” of construction 

operations is recognized as another critical process during the construction phase. Last but not 

least, at the end of the construction phase and during the post-construction phase, the 

"Commissioning & Handover" process holds a significant mid-level position in both regards. 

equally rated at 67%. It shows that stakeholders may perceive a balanced risk for this process, 

which can be more manageable. 

To understand the operational challenges and execution constraints associated with these 

processes, the main process bottlenecks perceived by the interviewed industry experts for high-

impact processes of each phase are presented in Table 4-1. These bottlenecks can have a direct 

impact on project timelines that in turn result in cost overruns. For instance, inaccurate estimations, 

overpricing, and inadequate material tracking during the 'Bidding' and 'Material Management' 

business operations diminish process efficiency, increase costs, and potentially lead to significant 

project delays. These bottlenecks shed light into the root causes of poor process performance. 

However, it is important to verify these bottlenecks or to unveil some others that were not 

identified through more automated and data-driven methods. 

Table 4-1. Observed identified process bottlenecks by respondents per project phase 

Phase Process 
Q3 Identified  

Bottlenecks? 

Tendering Bidding 
Missing or Incomplete Drawings; Contractors Overpricing; Unreliable and 

inaccurate Estimations 

Pre-

Construction 

Contract 

Management 

Legal department revision; information management; BIM not specified in 

the contract; Inexperienced Project Manager 

Design 

Approval 

Poor communication; lack visibility on approvers; delays in revision times; 

delays in approval times 

Submittal/ 

Transmittal 

Approval 

Poor track of logs; manual workflows; revision delays 

Procurement 

Management 

Lack of monitoring of vendors' prices; poor visibility on vendor agreements; 

foremen not ordering from partner vendors  

Construction 

Labor/Resource 

Management 
Lack of visibility of who is doing what, where, and when 

Material 

Management 

Unplanned daily orders by supervisors; poor inventory management; 

ordering much more than needed; poor material tracking 

Construction 

Progress 

Monitoring 

Reporting more progress than the real one; poor visibility on remaining 

work and time to complete it; Overlapping activities too much 

Site-Space 

Logistics 

Management 

At peak time conflicting cranes/machines 
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Change 

Management 

Getting all answers at the right time from different parties involved; poor 

coordination; 

Contract clauses not specific enough, scope and exemptions not detailed 

enough; 

Getting clients’ approvals; change revisions; delays in estimating and 

submitting change 

Post-

Construction 

Commissioning 

& Handover 

Lack of process visibility; Non-standard punch list process; Inexperienced 

Owners 

Concerning the identified processes outlined in Figure 4-6 and Table S8, the interviewees 

were also tasked with identifying the main process stakeholders’ roles linked to each process and 

delineating the nature of information exchanged during the execution of these processes as well as 

the most common used lexicon in the construction domain to describe these processes, as detailed 

in Table 4-2 and  Table S9, respectively. 

Table 4-2. Non-exhaustive list of process stakeholders and information exchange. 

Phase Most important 

process 

Process 

Stakeholders 

Information exchange/ communicated 

Tendering Bidding 

bidders, 

professionals  

posting of tender, bids 

contractors and 

subcontractors 

consultant report, plans, tender documents, 

specifications, quotes, 

schedules, shop drawings 

legal department, 

risk 

managers 

insurance, liabilities 

 

 

 

 

 

 

Preconstruction 

 

 

 

Contract 

management 

Project manager, 

Business unit leader, 

client 

deviations from standards or initial tendering 

language, uncommon languages or 

payment terms 

owner, designer  contract, scope of work 

PM  BIM annexure 

developer team  scope of project 

PM, Finance  base contract value, value of changes 

 

Submittal & 

Transmittal 

approval 

designer, contractor  construction docs 

PM, PD, BIM lead  BIM in compliance to client standards 

PM, design team, 

leaders (directors)  

documents that need to be submitted, 

packages, documents 

 

 

 

 

Construction 

progress 

monitoring 

site team, owners 

(client) 

updated schedules, delays, advances, hurdles 

etc. 

surveillant progress data 

foreman forecasting details, FTC or FAC or % 
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Construction 

Change Order 

Management 

Owners, consultants, 

GC, speciality 

contractors, PM, PC 

It can involve change events, change orders, 

prime contract change orders, Site Instructions 

(SI), contemplated change notices (CCN), 

change requests (CR) 

 

 

Post-construction 
 

Commissioning & 

handover 

Landlord/owner, 

GC, facility 

managers 

deficiencies list, premises' review, lease 

amendments 

service provider 

(commissioning 

agent), Business 

product 

manufacturers 

requirement checklist, as-built drawings, 

reports for 

major systems, 

PM, project 

coordinator, 

suppliers, 

subcontractors, 

engineers, shop 

manager 

deadline, eng. schedules SB/SC, maintenance 

doc, 

warranty doc 

Cross-Phase Process Intertwinement – An aggregated view of the identified business 

processes across each project phase is shown in Figure 4-7. These processes were identified based 

on an exhaustive analysis of the PMM literature, validated by industry experts. The interviewees 

were tasked with indicating the process interplay, i.e. the degree to which each process contributes 

to affecting other phases and other processes. This diagram was derived from analyzing the 

interviewees` responses to questions such as those described in Figure 4-2. The three main parts 

of the diagram show the distribution of processes across different project phases, the number of 

responses supporting the importance of each process, and the percentage of cross-phase interplay. 

The connections demonstrate the flow and influence of each process from one project phase to 

another, indicating which phases are most affected by these processes and to what extent. The 

cross-phase analysis presented in Figure 4-7 reveals that with 32% of all identified processes, the 

pre-construction phase bears the highest number of process interplay indicating that decisions or 

actions taken in pre-construction are highly influential on the later construction activities.’ support.  

As noted in Figure 4-7, the construction phase is referred by respondents to hold the 2nd 

highest cross-phase process interplay with 25.6 %. the “Procurement management” process during 

this phase has interrelations with the tendering phase (43%), pre-construction phase (43%), and 

post-construction phase (14%). Moreover, it is important to note that the “Change Order 

Management” process (during the construction phase) is strongly intertwined with the 

preconstruction phase, with a support share of 75% for that specific process, as it constitutes a 

subprocess within the broader “Contract Management” process. Similarly, the "Material 
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Management" process plays a significant role in the project`s success. Late material deliveries or 

untimely requisitions can directly impact the project timeline. Therefore, effective material 

management during construction also results from careful financial and resource planning during 

pre-construction. Besides, the "Material Management", "Procurement", and "Request for 

Information (RFI)" processes are interrelated not only with one another but also, they can be 

influenced by other processes such as "Design Approval/Authoring", "Submittal/Transmittal 

Approvals" and “Change Order Management”. For example, a delay in the approval of a material-

related submittal can influence both the procurement of that material and the response time of an 

RFI, potentially leading to construction work disruptions and costly changes. 

 

Figure 4-7. Cross-phase process impact and interplay according to respondents. 
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The results of the interviews provided the practical perspective of industry practitioners to 

validate the theoretical findings from the PMM literature analysis, providing critical insights about 

(1) significant service-based administrative processes broken down by project life-cycle phase; (2) 

criticality of identified processes in terms of management importance and potential impact on their 

completion timeline; (3) major observed process inefficiencies/bottlenecks; (4) main parties 

involved in the execution of these processes; and (5) common workflows and types of information 

exchange for each process. This tacit knowledge set the foundation for future process mining use 

case development related to the most significant construction processes so that the study findings 

can be aligned against industry needs and requirements.  

As presented in Figure 4-6 and Figure 4-7 , one key finding from the interviews was the 

validation of the in-depth literature analysis regarding the identification of the most important 

service-based administrative construction processes across project lifecycle phases, along with 

their cross-phase and cross-process interrelations, as informed by experts’ knowledge and practical 

insights. As illustrated in these figures, effective contract management plays a critical role across 

all phases of a construction project, directly contributing to its successful execution and delivery. 

During the planning and tendering phase, contract terms are typically specified in key 

tender documents such as the general conditions, special provisions, and draft agreement forms. 

In the pre-construction phase, contract administration becomes essential for managing design 

changes, addressing project risks, and coordinating procurement activities. 

Throughout the construction phase, contract management is closely linked to Construction 

Change Order Management. Change orders refer to formal contractual modifications to the 

original agreed scope of work[198]. The effective management of these changes is essential to 

ensuring timely and compliant project execution whenever adjustments are required. In the post-

construction phase, contract management ensures proper project close-out, with commissioning 

and handover processes playing a vital role in meeting and fulfilling contractual obligations, 

including technical specifications. 

On the other hand, information exchange and project communication management 

processes such as submittals, transmittals, and RFI management are also critical. These processes 

support streamlined stakeholder collaboration and help ensure seamless project execution. They 
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also contribute to reducing construction changes by defining clear project briefs, specifying 

information requirements, and clarifying scope early in the project. 

As highlighted in Figure 4-7, the Change Order Management process is strongly influenced 

by information management processes due to their close interrelationship. When poorly managed, 

processes such as RFI management can lead to misunderstandings or gaps in information. These 

issues often trigger construction changes that negatively affect overall productivity, delay the 

associated construction work and corresponding contractual progress payments, and may 

ultimately result in significant project time and cost overruns. 

Despite these benefits, the semi-structured interviews did not rely on a strict sample-

selection procedure. Instead, a pragmatic participant recruitment approach was adopted, 

prioritizing diversity in project roles and breadth of experience across multiple project phases and 

processes. As a result, the validation is limited to the 18 industry representatives interviewed; 

expanding the panel in future work could further enhance the robustness and depth of the insights. 

For instance, some of the respondents admitted to not having enough experience and qualifications 

in financial processes. Thus, to draw prescriptive conclusions, future studies should follow a 

systematic survey design and execution and must consider expanding the interviews to include 

subject matter experts related to those processes. Nevertheless, it should be noted that the 

interviewed industry representatives recognized the high potential of data-driven decision-making 

in enhancing process efficiency and facilitating cross-phase process management, enabled by an 

effective corporate data management strategy that ensures high-quality and usable project 

operations data ready to support these decisions. 

4.2. Project Operations Data Collection 

In addition to the tacit process-oriented knowledge captured through semi-structured interviews 

with subject-matter experts and the explicit knowledge derived from an in-depth review of the 

PMM literature, project operations data was collected from out industry partner, as illustrated in 

Figure 4-1. The primary objectives of this data collection were threefold: (i) to establish a solid 

foundation for the design and application of the proposed process-oriented method presented in 

Figure 5-1 ; (ii) to cross-validate, using a bottom-up approach, the interview findings regarding 

the relevance and applicability of the Change Order Management process and its interrelated 
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subprocesses, as described in Section 4.1.1.2; and (iii) to assess data completeness and suitability 

for the implementation phase of the study. This latter objective included identifying primary data 

agents (i.e., core source systems), detecting critical data gaps through verification of the 

availability of key data attributes and their corresponding values required for E2E process-oriented 

analysis, and developing a robust understanding of the underlying data structures and relationships 

supporting the selected process.  

It should be noted that, although the project operations data discussed in this chapter differs 

from the dataset analyzed in the case study presented in Chapter 6. , both pertain to interrelated 

processes. This chapter focuses on developing a high-level understanding of the underlying data 

structures supporting the Change Order Management process, whereas Chapter 6.  concentrates on 

the quantitative assessment of the Request for Information (RFI) process, which constitutes a 

closely linked and operationally interdependent subprocess, using the methodology proposed in 

Chapter 5.  At this early stage, the primary objective of this chapter was to gain a deeper 

understanding of the two collected initial data sources by conducting exploratory data analysis 

(EDA) and systematically examining each data entity, its attributes, and their interrelationships 

from a process-oriented perspective. This data-understanding phase laid the foundation for the 

subsequent development of process mining use cases and case study investigations, as most 

medium- to large-sized construction contractors in North America manage their project operations 

data through similarly structured, data-oriented architectures (i.e., SQL databases populated with 

data originating from various information systems). 

Initially, this collection comprised two primary data sources: (i) a SQL database with raw 

project operations data managed by a large North American specialty contractor (SC), with this 

data being pulled from multiple source digital systems; and (ii) a data model (DM) that underpins 

the structure, relationships, and stored procedures governing the SQL data, serving as the blueprint 

for how data attributes, their data types, and their values are organized and interrelated to support 

operations. 

4.2.1. Foundational Data Model: Entity Relationship Diagram (ERD) 

The underlying data model (DM) for the construction project operations being managed by the 

large SC is represented in the ERD shown in Figure 4-8.  Specific data entities related to the 
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Change Order Management process were identified in this diagram, along with their existing data 

attributes, data types (e.g., categorical, numerical), linking attributes, and cardinality relationships. 

A construction change order refers to any formal modification (addition or subtraction) to the 

original project contractual scope of work [35]. Accordingly, the associated data entities in the 

ERD include projects, contracts, change events, change orders, workers, project roles, and tracked 

working time. With respect to the data entity relationships and their cardinality, as shown in Figure 

4-8, a construction project can be associated with one or multiple contracts. A contract can include 

multiple change orders, and each change order may contain several change event items. Similarly, 

various project stakeholders, each assuming one or more roles, may be involved in multiple change 

orders, and the time tracked in executing these changes is recorded in the tracked time entity, which 

serves as one of the inputs for managing subsequent progress payment applications/requests. 

Further details on the existing data attributes from these entity tables are provided in Section 4.2.2.  

 

Figure 4-8. Excerpt of the Entity Relationship Diagram (ERD) - Change Order Management Process 
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4.2.2. High-level Exploratory Data Analysis (EDA) of SQL Project Data  

Initially, the static snapshot of the SQL database managed by the large specialty contractor 

contained data related to 3,439 MEP (Mechanical, Electrical, and Plumbing) construction projects 

and more than 88,000 change orders. The SQL database stored procedures were structured based 

on the ERD presented in Figure 4-8, which specifies the main attributes, associated data types, and 

the key entity relationships. An excerpt of this raw SQL data is summarized in Table 4-3, indicating 

the number of data records contained in each table, the number of attributes they included, their 

main unique identifier attributes (primary keys), and the linking relational attributes between data 

tables (foreign keys). For this specific large MEP contractor, most data tables were retrieved from 

Procore [199] with the exception of the Contracts table that was synched to Procore but initially 

pulled from Oracle NetSuite [200] and the Tracked Time table coming from both Procore Field 

Productivity [201] and Rhumbix software platforms [202]. 

Table 4-3. Summary of raw SQL project operations' data 

Data Table Name Datapoints  Attributes Primary Key  Foreign Keys 

Projects 3,439 37 ProjectInstanceId 

ImportId; ProjectId 

Project Roles 8,180 18 ProjectRoleInstanceId 

Contracts 4,089 25 ContractInstanceId 

Change Events  25,737 23 ChangeEventsInstanceId 

Change Orders 88,097 23 ChangeOrdersInstanceId 

Tracked Time 4,099,703 34 TrackedTimeInstanceId ImportId; ProjectId; WorkerId 

Workers 8,716 36 WorkerInstanceId WorkerId; ImportId 

Paid Time 914,845 26 PaidTimeInstanceId ImportId; ProjectId; WorkerId 

Among these projects, 1,694 were actively managed by the SC’s construction operations 

department and had their primary operating unit explicitly identified, as shown in Figure 4-9. In 

addition, according to the SC’s project operating unit classification, special projects referred to 

retrofit work whose schedule durations typically were less than one year and their project values 

below 1 million CAD. Major projects included new construction work with longer contractual 

durations and higher contract values, while large infrastructure projects primarily comprised new 

MEP construction for healthcare facilities, with project values of several hundred million CAD. 

The Building Services category was reserved for bundled, contracted MEP service activities 
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required during the post-construction phase, while Electrical and Controls projects involved 

discipline-based, narrowly defined scopes of work. 

 

Figure 4-9. MEP Construction Projects by Operating Unit 

Moreover, as shown in  Figure 4-10, five project types were identified in the analyzed 

dataset, namely commercial, institutional, industrial, residential, and infrastructure, where such 

classification information was available. 

 

Figure 4-10. Construction Project Classification 
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To provide an overview of project classification by base contract value, projects were 

further categorized into low- and high-value segments based on the statistical quartiles of their 

base contract amounts, as shown in Figure 4-11 and Figure 4-12. The low-value projects observed 

in Figure 4-11 were largely concentrated below approximately 1 million CAD and were 

predominantly classified as special projects, with commercial and institutional projects exhibiting 

lower median base contract values and a higher frequency of observations. In contrast, Figure 4-12 

shows that high-value projects generally ranged from approximately CAD three million to over 20 

million CAD, with institutional, industrial, and residential project types exhibiting higher median 

base contract values and greater variability. 

 

Figure 4-11. Projects by Base Contract Value Segments: Low Segment 
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Figure 4-12. Projects by Base Contract Value Segments: High Segment 

It should be reiterated that the goal at this point was primarily to understand the type of 

project operations data available in the SC’s SQL database associated with the Change Order 

Management process, as well as to verify its completeness for subsequent process mining–based 

analysis presented in the following chapters of this thesis. With this in mind, main stakeholder 

roles and the corresponding number of workers per role involved in tracked MEP construction 

project operations, including those participating in the construction change order management 

process, were identified based on the project roles, workers, and tracked-time tables. For instance, 

for a major project, these roles included Project Managers (PMs), Project Coordinators (PCs), 

MEP Engineers, Project Administrators, Executives, Owners, Financial Managers, General 

Foremen, Superintendents, and various specialty trade worker roles, among others , as shown in 

Figure 4-13. 
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Figure 4-13.  Excerpt of Number of Workers by Project Roles 

From the 1,519 projects with non-empty or non-low contract values, approximately 19,100 

change events and 43,980 change orders were identified in the corresponding data entities, from 

which the main reasons triggering these change events, as well as the associated change types, 

were identified as shown in Figure 4-14. ‘Site Instructions’, ‘Design Development’, ‘Change 

Notices’, and ‘Client Requests’ were identified as primary drivers of project changes. ‘Site 

Instructions’ refer to formal written directives, typically issued by construction managers, 

engineers, technical consultants, or architects, to clarify, modify, or direct the execution of work 

[47]. In addition, the primary predefined change types included ‘Owner Changes’, ‘Change 

Directives’, and ‘Contingencies’. Such classifications are commonly adopted by AEC/FM 

organizations to organize issued changes according to budget cost codes. A change directive is 

typically issued by the project owner or an authorized representative when agreement on the cost 

of a change has not yet been reached with the general contractor or subcontractors. It authorizes 

the immediate implementation of field work associated with disputed changes [198]. 

Contingencies are normally included in the original contract amount to account for unknown items 
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that may result in additional costs not specified in the contract[19]. A glossary of similar terms is 

provided in Appendix S10. 

  

Figure 4-14. Changes events distributions by reason (a) and by type (b) 

The contracts and change orders tables contained data from 717 projects. This dataset 

included, for example, contract value amounts together with the corresponding value amounts of 

approved change orders per contract for each project. Two main types of change orders were 

identified in the SQL database according to the contract category of each project: Commitment 

Change Orders, which represent downstream contractual changes between the general contractor 

and subcontractors or vendors, and Prime Contract Change Orders, which correspond to formal 

upstream modifications to the contractual agreement between the project owner (or authorized 

representatives) and the general contractor. Notably, more than 70% of the recorded change orders 

belonged to the latter category. It is worth noting that some projects involved more than one 

contract, and some contracts, in turn, were affected by one or more change orders. 

Based on the available data attributes related to both project contracts and approved change 

orders, an overall change order amount ratio for each project was computed as per (Eq. 6). 

𝐶ℎ𝑎𝑛𝑔𝑒 𝑂𝑟𝑑𝑒𝑟 𝐴𝑚𝑜𝑢𝑛𝑡 𝑅𝑎𝑡𝑖𝑜 % =
∑(𝐴𝑝𝑝𝑟𝑜𝑣𝑒𝑑𝐶ℎ𝑎𝑛𝑔𝑒𝑂𝑟𝑑𝑒𝑟𝐴𝑚𝑜𝑢𝑛𝑡𝑠)

∑(𝐶𝑜𝑛𝑡𝑟𝑎𝑐𝑡𝐴𝑚𝑜𝑢𝑛𝑡𝑠)
                           (Eq. 6) 

This ratio represents the cost overruns attributable to change orders in each project relative 

to the original contract value. As shown in Figure 4-15, the average ratio indicates an 

approximately 19% cost overrun due to approved change orders, and for more than 220 projects 

this ratio exceeded 20%. These empirical results, derived from real-world project data, underscore 

the importance of effective change order management in construction projects. 

(a) (b) 
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Figure 4-15. Change Order Amount Ratio by Project 

4.2.3. Requirement Analysis for Process-Oriented Analysis 

To support the requirements analysis for a robust process-oriented approach addressing R02, this 

study goes beyond identifying and analyzing the data attributes available in the SQL database 

snapshot of the Change Order Management process (i.e., EDA in previous section). It also 

examines the overall process structure and its possible routing paths. Since most of the change 

order data discussed in Section 4.2.2 originates from Procore, Figure 4-16 [203] presents a high-

level view of the reference change order approval process. This representation outlines the 

expected process activities, identifies the responsible stakeholders, and clarifies their intended 

execution sequence.  

As shown in Figure 4-16, the change order approval process typically follows a similar 

high-level sequence, regardless of the construction management platform used (e.g., Procore) 

[198, 203]. The process begins with the identification of a change, recorded as a Change Event. If 

pricing is required, the Change Event is routed to a Request for Quotation (RFQ) subprocess to 

obtain cost estimates. The proposed changes are then evaluated to determine whether they fall 

within the original contractual scope or constitute out-of-scope work. 

For out-of-scope changes (Prime Contract Change Orders), additional review loops may 

be introduced prior to final approval, depending on the SOPs (if any) of the AEC/FM organization. 

Some organizations proceed directly to creating the Prime Contract Change Order and initiate the 

review and approval stage. Others adopt multi-step workflows, such as a two-tier process 
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(Potential Change Order (PCO) → Change Order (CO)) or a three-tier process (PCO → Change 

Order Request (COR) → CO). In this study, the large general contractor managing the project 

operations data implemented a two-tier process, which is commonly preferred across the industry 

[198, 203]. 

 

Figure 4-16. High-level reference process model - change order approval (Procore) 

Using the high-level process model in Figure 4-16 as a baseline, Table 4-4 was constructed 

to support both the development of a robust process mining use case for the change order process 

and the subsequent process-oriented analysis presented in later sections. The table provides an 

aggregated view of the main process steps (event activities) and maps them to stakeholder roles, 

data entities, process mining extensions, and corresponding case identifiers (workflow instance 

IDs). 

For example, based on the general contractor (GC) data previously described in 4.2.2, the 

Create Change Event activity—although it can be initiated by any stakeholder role—is most often 

created by subcontractors (SCs) within the cloud-based platform. For this activity, it is therefore 

essential to capture the associated workflow instance ID, execution timestamp, lifecycle status, 

and related attributes. The same logic applies to all other steps in the change order approval 

process. 
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Table 4-4. Process-oriented data overview - Change order approval process 

 

Although the SQL database snapshot contained rich project operations data related to the 

change order management process, four critical data completeness challenges affecting process 

mining implementation were identified: (i) the database snapshot was static, e.g., it did not contain 

historical lifecycle status records, which are particularly important for analyzing change events 

and change orders over time and for detecting process drifts; (ii) no linking attribute was found to 

explicitly connect Change Events with Change Orders in the static dataset; (iii) several data 
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attributes required for a robust process-oriented analysis were missing, including various event 

activity timestamps, the stakeholder roles responsible for specific process steps, as well as those 

identified in Table 4-5; and (iv) although the SQL database contained tables related to changes, 

including projects, contracts, change events, change orders, workers, and project roles, it lacked 

data for several key subprocesses intertwined with the change order approval process, notably the 

upstream RFI management subprocess, as well as for downstream subprocesses related to the 

execution of approved change orders and subsequent progress payments, as illustrated in Figure 

4-18 [45, 46, 48]. 

Table 4-5. Identified missing data attributes in SQL database related to the change order approval process 

Source Source Entity Attributes 

Procore 
 

Change Events 

ChangeOrderPackageID; Prime_change_event_id; 
Commitment_change_event_id; Change_order_request_id.  
ChangeRequestedBy; RFQId; RFQDateCreated; RFQassginedDate; 
RFQsubmittedBy; RFQsubmissionDate; RFQRespondedBy; 
RFQResponseDate; Schedule_impact_amount; SigningDate; SignedBy;  

Change Orders 

ChangeOrderRequest ID; ChangeOrderCreatedBy; 
ChangeOrderReviewedBy; ChangeOrderReviewStartDate. 
ChangeOrderReviewFinishDate; ChangeOrderApproval; 
ChangeOrderRejectionDate; ChangeOrderDateIssued; 
WorflowTierNumber; 

4.2.4. Task Mining on Procore’s Common Data Environment  

Given that the initial static SQL dataset was insufficient to support the development and 

implementation of process mining for the change order management use case, it became necessary 

to directly access the primary operational data source, the cloud-based CDE. This environment 

captures the underlying stakeholders’ actions (i.e., HMI) associated with the change order 

management process and its intertwined subprocesses [46]. In this study, the users’ usage data was 

directly retrieved from the Procore CDE through two complementary mechanisms. First, Procore 

users’ usage reports embedded within the platform were extracted. Second, automated webhooks 

were configured to capture event-based Create, Read, Update, and Delete (CRUD) transactions, 

enabled by granted access to multiple large construction general contractors’ Procore instances. 

These webhooks were implemented using Python and the Hypertext Transfer Protocol 

Representational State Transfer (HTTP REST) API, leveraging multi-factor authentication 

(MFA), using this endpoint: POST /rest/v2.0/companies/{company_id}/webhooks/hooks.   
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Figure 4-17. Task mining–based analysis of Procore system usage patterns of a general contractor (GC) 

As shown in Figure 4-17, this user-centered usage overview served a twofold purpose. 

Firstly, it enabled the cross-validation of the significance of key business processes by comparing 

observed user transaction frequencies with findings from the literature review and insights 

obtained from semi-structured interviews with subject matter experts. This was achieved by 

analyzing the volume of user transactions performed by project stakeholders across major Procore 

modules and their associated business process tools. Secondly, for the specific general contractor 

analyzed in Figure 4-17, the Financial Management and Project Management modules emerged as 

the most frequently used. Within these modules, tools supporting Commitments, Prime Contracts, 

Change Orders, Change Events, and Requests for Information (RFIs) were identified as the most 

actively utilized, confirming their central role in contract administration, change order 

management, and RFI management processes. These findings are consistent with the processes 

emphasized by the interviewed industry experts. In general, this user-centered analysis provided a 

holistic view of the dynamic transactions executed within the CDE, revealing which critical 

processes were being enacted, by whom, for which projects, and when these actions occurred. 

Moreover, it helped identify the types of operational project data available within the cloud-based 

environment that could be systematically extracted via REST API–based data acquisition 

mechanisms. 

Based on the combined insights from industry experts, the reviewed literature, and the 

explanatory data analysis and task mining results [35, 45-48], a high-level process view was 
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identified to situate RFIs within the broader change order management process, as shown in Figure 

4-18. The figure highlights the RFI process as a critical upstream subprocess within a broader 

network of interconnected workflows involving multiple project stakeholders, including the owner 

or owner’s representative, the general contractor, and subcontractors. RFIs are typically initiated, 

reviewed, and responded to by the project team, with decision gateways determining whether a 

change order is required. When such a decision is reached, the process transitions into the formal 

change order approval subprocess, which primarily involves review and approval activities by the 

owner or owner’s representative. Approved change orders subsequently propagate into intertwined 

downstream subprocesses, including progress payment processing and the execution of change-

related construction work, where subcontractors and trades play a central role and additional 

verification and approval decision points are introduced [35, 45-48]. 

Based on this collective evidence, this study focuses its analytical scope on the RFI 

management process rather than on downstream subprocesses. RFIs represent an early 

coordination and decision-making mechanism where potential changes may emerge but can also 

be clarified, mitigated, or resolved before escalating into formal change orders. From a process 

performance perspective, focusing on RFIs provides an opportunity to identify inefficiencies, 

communication breakdowns, and delays at an early stage, thereby supporting preventive rather 

than corrective interventions. While downstream subprocesses, particularly those related to change 

order approval and execution, remain essential components of the overall system, their behavior 

is often influenced by upstream information quality and response effectiveness. Consequently, 

emphasizing the RFI process enables a proactive and analytically justified entry point for process 

performance assessment, while maintaining the broader change order management context within 

which these subprocesses operate.  

Despite the central role of RFIs and change order management in project delivery, current 

industry practices lack a systematic, data-driven method for continuously monitoring, assessing, 

and improving operational process performance across these interconnected workflows. Existing 

approaches are often fragmented, reactive, and primarily descriptive, relying on static reports or 

isolated metrics that fail to capture the dynamic and process-oriented nature of construction 

operations. This limitation constrains organizations’ ability to transform increasingly available 

digital project data into actionable insights that support evidence-based decision making and 
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continuous improvement at the process level. 

To address this gap, Chapter 5. introduces and describes the Lean-based Process Mining 

and Management (LPMM) methodology as a comprehensive framework for data-driven process 

performance assessment and monitoring. The LPMM framework provides a structured approach 

to transforming raw operational data into process-aware representations, enabling systematic 

extraction, validation, and quantitative evaluation of process behavior. By integrating lean 

principles with process mining techniques, the framework supports objective performance 

measurement, identification of inefficiencies, and generation of actionable improvement insights, 

thereby operationalizing digital data for sustained process performance enhancement in 

construction management contexts. 

 

Figure 4-18. High-level process view highlighting the upstream role of RFIs in change order 

management. 
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CHAPTER 5.  LEAN-BASED PROCESS MINING & MANAGEMENT 

(LPMM) METHODOLOGICAL FRAMEWORK4 

5.1. Introduction 

Traditional construction management practices, although well established, focus primarily at the 

project level on planning and controlling schedule, cost, and risk; ensuring technical feasibility 

and compliance; and managing construction methods and labor resources. Unlike this traditional 

approach that tends to overlook core business processes, project-driven organizations with strong 

process awareness have a clear advantage over competitors, as they continuously monitor and 

control the performance of their business operations. This allows them to execute and manage their 

recurring processes more efficiently each time, sustain long-term effectiveness, and learn from 

each project along the way to further enhance their future operational performance [204, 205]. 

Construction projects, ranging from low to high complexity, often involve multiple company 

stakeholders requiring well-established intra- and inter-organizational processes to ensure 

seamless collaboration and an efficient project realization [25, 164]. These processes are the 

backbone of successful project management, streamlining day-to-day operations, enhancing 

coordination, and ultimately improving overall project performance. Construction organizations 

can operationalize their business strategies, optimize workflows, reduce inefficiencies, and make 

informed decisions by implementing well-structured processes and actively managing their 

dynamic performance [26, 93, 128, 169]. 

As highlighted in Gap 1 of Chapter 3. , most means and methods currently used in the 

construction domain for extracting corporate knowledge on operational business processes, such 

as workshops, interviews, and focus groups, are manual, time-consuming, and subjective [75]. 

Although these methods assist construction organizations in conceptually documenting and 

structuring their baseline business processes, the resulting process models are often static, 

resource-intensive, and error-prone. Traditional ontology-based methods offer a more formalized 

and machine-interpretable approach, enabling semantic consistency, reusability, and automation 

 
4 This chapter is based upon:  

A. J. Martinez Lagunas and M. Nik-Bakht. 2025. " An Automated Data-to-Process (D2P) transformation method for 
RFI process performance assessment and monitoring”.  Status: Submitted – Under Review 
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potential. However, they still heavily rely on tacit expert input and may become outdated if not 

continuously maintained or enriched [24, 160]. What’s more, these methods alone fail to uncover 

and diagnose evidence-based process performance issues dynamically and automatically. 

 In contrast, data-driven methods such as process mining can leverage process-related data 

generated by various stakeholders across multiple management Information Systems (IS) to 

automatically discover, monitor, and optimize 2E2 business processes. This approach provides a 

dynamic and fact-based view of the actual processes’ executions and how they actually perform, 

enabling continuous process improvement and AI-driven automation opportunities [31]. This is 

particularly important in the construction industry not only because projects are process-intensive, 

but also because these processes are often executed differently than expected or planned, change 

over time, and are subjected to various uncertainties. Considering these aspects and recognizing 

the globally documented applications of process mining across various industries and the widely 

reported benefits of this technology for enhancing business operations [8, 9], scholars and industry 

practitioners are increasingly exploring its potential in the construction domain [26, 163]. 

Nevertheless, existing data architectures of most construction organizations lack process-

awareness, which hinders both the implementation of process mining and its integration with other 

process-oriented management methodologies for analyzing the performance of core construction 

business operations [26]. AEC/FM organizations often fail to harness data from their day-to-day 

operations to extract fact-based, process-oriented performance insights [46, 206, 207]. One of the 

main factors hindering the broader adoption and implementation of this technology is the lack of 

a data-driven, process-oriented method tailored to the construction domain, one that can shed light 

on how to collect and transform raw operations data from construction PMIS to standard data 

schemas suitable for process mining implementation and dynamic process performance 

monitoring.  In this regard, this study seeks to answer two main research questions: (RQ1) How 

can construction organizations harness project operations data and extend their existing data-

oriented architectures to become process-aware? (RQ2) How can process mining techniques be 

implemented and integrated with Lean-based principles and metrics [208] to automatically extract, 

quantitatively assess, and continuously monitor the actual E2E performance of construction 

business operations with evidence-based actionable insights? 
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To tackle these challenges and address these questions, this study proposes a novel data-

driven, Lean-based Process Mining and Management (LPMM) methodological framework 

tailored to the construction domain that integrates process mining techniques with Lean-based 

metrics. This hybrid approach will facilitate dynamic performance monitoring of core construction 

business processes. Furthermore, this work aims to drive process intelligence (PI) in construction 

projects by leveraging advanced technologies to automatically extract process-oriented 

knowledge, including actionable process performance insights, to support data-driven decision-

making by key stakeholders such as owners, project managers, project coordinators, and project 

controllers, thereby enhancing overall construction process management. To achieve these goals, 

the underlying objectives are to: (i) develop a data-driven LPMM framework tailored to the 

construction domain to facilitate automated process modeling and dynamic Process Health 

Monitoring (PHM), regardless of the specific IS or Common Data Environments (CDEs) used to 

manage a construction project (i.e., system-agnostic), and applicable to any critical business 

process (i.e., process-agnostic); (ii) design a process mining use case for analyzing significant 

inter-organizational processes in real-world construction projects; and (iii) develop the required 

algorithms to enable the automated generation of event data logs necessary for building 

Foundational Process Data Models (FPDMs) to support process mining implementation. This 

includes the connector, extractor, serializer, and logger components, while ensuring that the 

generated event logs conform to the eXtensible Event Stream (XES) standard [108]; (iv) apply the 

proposed LPMM methodological framework in real-world construction projects to quantitatively 

assess and monitor process performance; and (v) analyze and compare the performance of 

discovered process executions across similar construction projects, while identifying data-driven 

strategies for process improvement and automation based on the extracted performance insights. 

The proposed data-driven process mining LPMM framework, presented in Figure 5-1 

developed in this study is grounded in [50, 209, 210]. This systematic methodology aims to assist 

construction organizations in harnessing project data generated from day-to-day operations to 

automatically reconstruct actual process executions, diagnose major operational inefficiencies, and 

quantitatively assess process performance. Moreover, this novel process-oriented framework 

provides construction practitioners and scholars with a data-driven methodology to guide and 

streamline the implementation of process mining for the analysis and continuous monitoring of 



CHAPTER 5. LEAN-BASED PROCESS MINING & MANAGEMENT (LPMM) 

METHODOLOGICAL FRAMEWORK 

 

92 
 
 

“as-happened” construction business processes.  

5.2. Data-To-Process (D2P) Transformation Method 

The two-layer LPMM framework, introduced in Figure 5-1, is structured as a five-level stepwise 

progression, in which each level incrementally builds upon the preceding one. The data-oriented 

architecture (Layer I) comprises two foundational levels, namely systems’ raw data and project-

centric contextual data, reflecting typical information architectures in medium- to large-scale 

AEC/FM organizations that lack process awareness. To enable this capability, the process-oriented 

structure (Layer II) consists of three upper transformational levels that support the development of 

foundational process data models, enable automated process extraction and performance 

assessment, and facilitate evidence-based decision-making to enhance process control and 

redesign for sustained improvement through the Data-to-Process (D2P) transformation method. 

Furthermore, the decision risk level will normally depend on the degree of process-awareness 

enabled, the higher the data-driven process-awareness the lower the decision risk as depicted in 

Figure 5-1. 

Layer II of the LPMM framework comprises the D2P method, which includes seven core 

process-aware modules that collectively enable the systematic extension and transformation of 

conventional data-oriented architectures into fully process-aware structures. Module 1 of the D2P 

method establishes the data-driven foundation and requirement analysis necessary for process 

mining implementation by automating the extraction, integration, and preprocessing of 

heterogeneous project-centric data from CDEs and IS, supported by exploratory data analysis, task 

mining, and expert consultation. Module 2 comprises the process mining use case development 

and the definition of its analytical scope through the formulation of key analytical questions, 

process model perspectives or MVDs, key PPIs, abstraction levels, and stakeholder viewpoints, 

informed by a systematic literature review and aggregated domain expert input. Module 3 enables 

automated event log construction by transforming integrated datasets into standardized, process-

aware representations through the algorithmic development of automated data extractors, process-

oriented schema transformers compliant with the eXtensible Event Stream (XES) standard, 

logging components, and data enrichment pipelines. Building upon this foundation, Module 4 

applies process mining techniques, including Fuzzy Miner and Inductive Miner, to automatically 
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discover E2E “as-happened” process model executions. Module 5 derives process efficiency 

formulations grounded in process mining theory and applies quantitative performance metrics 

across real-world construction projects to evaluate efficiency, detect deviations, analyze process 

variants, and assess the influence of RFI content on variant behavior using NLP. Finally, Modules 

6 and 7 translate these analytical insights into actionable process improvement strategies and 

enable continuous PHM through purpose-built process performance boards supporting key 

business operations in construction projects.  

Grounded in the principles of scalability, reusability, and automation, the proposed D2P 

method enables systematic cross-project deployment, supports architectural extensibility across 

inter-organizational business processes, and streamlines targeted evidence-based interventions for 

process redesign and continuous process improvement.  

5.3. Layer I of the LPMM Framework: Data-Oriented Architecture 

To stay competitive and fulfill contractual obligations with tight deadlines, most construction 

companies support their business operations by implementing various technologies such as PMIS, 

ERP systems, CDEs, construction management systems, accounting software, or digital databases. 

AEC/FM organizations often implement one or more of these data-oriented digital systems as part 

of their operational data strategy. These platforms serve as support tools to manage construction 

projects across their lifecycle phases in a more structured and efficient manner.  

As shown in Figure 5-1, the first stage (Layer I) of the proposed D2P transformation 

method involves the systematic identification of the foundational components of the existing data-

oriented architecture layer. including the primary data agents (i.e., source systems) deployed by 

AEC/FM organizations and the key project data attributes associated with critical business 

processes. This data-oriented architecture (Layer I) typically comprises two primary levels: (L1) 

the system-level raw data, consisting of heterogeneous, non-contextual operational records., e.g., 

Stakeholder-To-System interactions or transactions performed across multiple construction digital 

platforms; and (L2) the project information level, comprising structured and contextually enriched 

datasets prepared to enable project-level analytical performance monitoring and managerial 

decision-making.  
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Figure 5-1.  Lean-based Process Mining and Management (LPMM) framework: D2P for automated PHM 

5.3.1. Data-oriented systems, project roles, and raw data – Level 1 (L1) 

At the foundational level (L1), the D2P method systematically maps the data-oriented system 

architecture implemented by AEC/FM organizations, identifies the primary business processes 

supported by each construction digital platform, analyzes stakeholder–role interactions across 

operational functions, examines the underlying raw data structures, and evaluates existing cross-

system data exchange mechanisms, where applicable. The identified raw project operations data 

is leveraged at later stages to produce valuable project information, extract actionable data-driven 

insights, and build corporate knowledge assets. Some widely adopted commercial cloud-based 

system platforms for managing construction projects in North America include, among others: 

Procore [199], Aconex [211], Autodesk Construction Cloud (ACC) [212], Oracle NetSuite [200], 

System Applications and Products (SAP) [213], CMIC [214], Sage [215], and QuickBooks [216]. 

Typically, construction companies adopt one or more of these digital platforms, alternative 

solutions, or internally developed systems, depending on their operational requirements, project-

specific client expectations, and overarching document and data management strategies.  
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Regardless of the selected system(s), these digital platforms (i.e., project-centric CDEs) 

often contain large volumes of valuable raw data and project information that often remain 

underutilized and not fully leveraged. In this context, task mining, a data-driven technique, is 

applied to systematically examine Stakeholder-To-System interactions with the actions performed 

on the IS or CDEs to extract the task-level execution patterns related to significant inter-

organizational construction business processes [35, 71]. This study assumes the existence of digital 

project operations data stored within construction digital platforms deployed across organizational 

project portfolios to support construction business operations.  

5.3.2. Data processing, data model, and project information – Level 2 (L2) 

The second level of the proposed D2P framework consists of understanding the backend system 

model architecture and procedures implemented by AEC/FM organizations to store and manage 

their projects’ data related to their business operations. Unlike L1, Level 2 (L2) additionally 

involves identifying the data context, including how project operations data is stored and how data 

attributes are related across different construction project entities. Different IS provide specific 

features and capabilities that support specific business operations across the lifecycle of a 

construction project. This aspect often forces companies to implement more than one of these 

systems to meet project requirements, leading to a major challenge as their operations data and 

workflows are hosted across multiple source systems in silos. To tackle this challenge, medium to 

large organizations implement different technological solutions such as data lakes with data 

factories [217] as part of their data-architectures to extract, integrate, store and process their 

projects’ data from various source systems. This architecture enables organizations to structure 

their operations data, often by constructing Common Data Models (CDMs), that is, a shared 

language and structure for data with machine-readable schemas to support business operations. 

CDMs provide context, syntax, and semantics to business entities and their corresponding 

attributes, thereby facilitating the understanding and standardization of operations data originating 

from multiple source systems. CDMs serve as a foundation to create system-specific Entity 

Relationship Diagrams (ERD) that often include multiple data entities, attributes and table 

relationships for projects being managed in that specific system. The ERD defines the logical data 

schema and its relational organization, typically implemented within Structured Query Language 
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(SQL) relational database management systems hosted on cloud-based infrastructures or on-

premises SQL servers [218]. 

Web-based construction project management platforms, CDEs and IS, often incorporate 

document management modules that store project artifacts such as contracts, schedules, drawings, 

invoices, RFIs, BIM models, field reports, change orders, and issue daily logs. These artifacts are 

typically indexed within relational database management systems (e.g., SQL database) as 

structured data attributes linked to associated digital artifacts. When automated and recurrent data 

pipelines are properly configured, these digital construction platforms enable systematic extraction 

of both historical and up-to-date contextual project operations data. Collectively, such data-

oriented IT architectures constitute the analytical backbone required to generate advanced data-

driven performance analytics at the project-level, thereby enabling evidence-based decision-

making and robust multi-dimensional project control across cost, schedule, quality, and other 

critical performance dimensions. However, from a methodological standpoint, the first two staging 

levels of data-oriented IT architectures depicted in Figure 5-1 remain insufficient, as they are 

predominantly project-centric and lack explicit process awareness necessary for process mining–

based analysis. In practice, many AEC/FM organizations operate primarily at this project 

information-centric level (L2), without systematically capturing or analyzing the execution 

performance of inter- and intra-organizational business processes. Consequently, these data 

structures do not natively represent process flows, control-flow dependencies, or cross-functional 

interactions. This limitation is critical, as poorly managed or inadequately monitored business 

processes can significantly compromise overall project performance across cost, schedule, 

operational efficiency, and other key performance dimensions. 

5.4. Layer II - LPMM Framework: D2P Method - Process-aware architecture 

To address the aforementioned structural limitation, the proposed D2P method introduces a 

process-oriented architectural layer that reconstructs actual business process execution sequences 

from digital project operations data, thereby enabling automated modeling, monitoring, and 

diagnostic performance evaluation of E2E ‘as-happened’ process executions. Through this 

transformation, existing data-oriented architectures are extended into process-aware analytical 

constructs capable of supporting continuous, multi-perspective process performance monitoring. 



CHAPTER 5. LEAN-BASED PROCESS MINING & MANAGEMENT (LPMM) 

METHODOLOGICAL FRAMEWORK 

 

97 
 
 

These constructs enable the systematic extraction of actionable process knowledge assets that 

inform evidence-based decision-making and facilitate timely, targeted interventions to enhance 

operational efficiency and control process variability. To embed process-aware capabilities within 

existing data-oriented architectures, the process-oriented layer of the D2P method is structured 

into three incremental levels comprising seven interdependent modules, as depicted in Figure 5-1. 

Further details regarding their methodological specification are presented below. 

5.4.1. Foundational Process Data Models (FPDMs) – Level 3 (L3) 

Level 3 focuses on the construction of foundational process-oriented data models in the form of 

structured event logs derived from project operational data distributed across heterogeneous and 

often siloed information systems (IS) and digital relational databases. At this stage, a target inter-

organizational process is selected based on defined analytical criteria, including operational 

relevance, data completeness, and its role within the broader process ecosystem. Process event 

data logs are then systematically constructed to capture E2E ‘as-happened’ process behavior. 

These event logs serve as the formal analytical foundation for the application of process mining 

techniques and the generation of actionable, performance-centric process knowledge assets. Model 

development entails: (i) structured requirement analysis and process understanding; (ii) 

formalization of the process mining use case and analytical scope; and (iii) algorithmic 

development for the automated generation and validation of high-quality event logs, together with 

formally defined key process performance metrics, enabling quantitative analysis of process 

variations and inter-organizational execution patterns to extract evidence-based process 

performance insights. 

5.4.1.1. Module 1 (M1): Process and project selection, process understanding 

Module 1 at Level 3 (L3) of the D2P method comprises project and process selection, along with 

the understanding of the selected process for process mining implementation. While process 

instance volume (i.e., the number of executed instances of the selected process within the CDE or 

IS) constitutes a primary requirement for process mining–based analysis in real construction 

projects, project selection must also account for additional criteria. These include data availability, 

data completeness, and project-specific characteristics, such as the delivery system, project type, 

and contract type. 
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Module 1 (M1) establishes the foundational process mining requirements for the process-

based cross-project analysis through integrated knowledge capture and project operational data 

acquisition. Domain expertise is systematically captured and analyzed to validate the operational 

relevance of the target inter-organizational processes and to formalize a reference process model 

commonly implemented in AEC/FM projects (see Figure 4-1). Such significant business processes 

are often executed across multiple stages of the project lifecycle, reflecting their cross-phase 

operational relevance and their potential to influence downstream project control processes. 

In terms of process understanding, the implementation stage of the D2P method (6.2.1.1) 

formally specifies the selected process as typically executed in real-world construction projects, 

drawing on project operational data and established industry practices to define a reference ‘as-

planned’ process model. This includes the identification of core process activities, decision points, 

involved stakeholders, and inter-organizational interactions, together with the required 

information exchanges. This process-oriented module (Module 1) also integrates outputs from the 

data-oriented architectural layer (see Figure 5-1), including task-based analysis, to identify and 

formalize the complete set of project operational data required for process mining–based 

investigation. This structured data is subsequently extracted and transformed in later D2P stages 

to enable E2E process performance assessment. 

Despite their operational importance, inter-organizational processes in construction 

projects remain difficult to monitor dynamically across project portfolios. Prior studies [26, 223] 

suggest that the integration of process mining with Lean principles enables automated, objective, 

and continuous performance assessment. However, this capability remains largely unrealized in 

practice due to the lack of process awareness in existing construction data architectures. 

Consequently, organizations are unable to derive actionable, data-driven insights into actual E2E 

process performance. This limitation is addressed in this study through the implementation of the 

proposed LPMM methodology. 

5.4.1.2. Module 2 (M2): Process mining use case development and scope definition 

Module 2 (M2) formalizes the process mining use case and defines the analytical scope for process 

performance assessment. Building upon the outcomes of M1, it specifies the primary Common 

Data Environments (CDEs) and information systems (IS) used by inter-organizational 
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stakeholders to manage project operations and execute the target process. It further consolidates 

the identified Human–Machine Interactions (HMIs) performed by each stakeholder role across 

digital platforms to operationalize the process. The resulting extracted and integrated process-

related data form the required input for event log generation. These event logs serve as the 

operational backbone for reconstructing ‘as-happened’ process executions and deriving data-

driven performance insights through process mining techniques. 

The process mining use case developed in this study, outlined in Section 6.2.1.2, comprises 

three core tasks: (i) automated process extraction, (ii) data-driven performance assessment, and 

(iii) continuous Process Health Monitoring (PHM) through customized process monitoring 

reports. The analytical scope spans four main process mining perspectives, defined as process 

model view definitions (MVDs): control-flow, cost, time, and organizational. The control-flow 

perspective examines process execution variants, including their sequence patterns and 

frequencies; the time perspective reveals the execution times for different parts of the process and 

for the overall E2E process; the cost perspective evaluates E2E activity-based costs across process 

executions; and the organizational perspective analyzes inter-organizational role behavior and its 

impact on E2E process performance.  

Table 5-1. PHM Scope Definition & Key Process Performance Metrics: Control-flow & Time Perspectives 

Perspective 
Type of  

Analytics 

Process-Question(s)  

Base Investigation Scope 

Key Process Performance 

Metric(s) & Refs. 

Control-flow 

(CF) 

Process 

Discovery & 

Variant 

Analysis 

(Descriptive) 

CF-Q1. What is the executed dominant process 

model? 

CF-Q2. What are the most common process 

variants? 
Fitness; 

Precision; 

Frequency; 

Rework Loops 

 

[90, 121-123, 219] 

Conformance 

Checking & 

Variant 

Analysis 

(Diagnostics) 

CF-Q3. What are the process deviations & 

frequency-based bottlenecks? 

CF-Q4. Which process variants exhibit the highest 

level of rework?  

CF-Q5. Why did the process deviations, 

bottlenecks, or rework happen? 

Time 

(T) 

Performance 

Assessment 

(Descriptive) 

T- Q1. What is the inter-arrival rate? 

T- Q2. What percentage of on-time process 

executions? 

T- Q3. What is the Weighted Average Process 

Efficiency (WAPE)? 

T- Q4. What process variants had the highest 

average lead times? 

Inter-arrival rate; 

% of on-time and late 

responses 

WAPE 

 

[220-222] 
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Performance 

Assessment &  

Root Cause 

Analysis  

(Diagnostics) 

T- Q5. Which process event activities are most 

associated with time-related bottlenecks? 

T- Q6. Are there any observed process drifts or 

batching behaviors? 

T- Q7. To what extent do rework loops contribute 

to increased process lead times? 

T- Q8. What process execution types have longer 

activity cycle times? 

T- Q9. When and where in the process do work 

peaks occur? 

T- Q10. What observed factors or patterns explain 

the variation in process time efficiency between 

the two investigated projects? 

Cycle Time; 

Lead Time; 

Work In Progress (WIP); 

Performance Spectrum; 

Process Efficiency 

 

 

[223-226] 

Module 2 (M2) includes scope definition through the specification of process-oriented 

questions to be addressed in the data-driven process performance assessment, as presented in Table 

5-1 and Table 5-2, which outline the analytical techniques and their associated key process 

performance metrics across each perspective. Building upon established metrics (see references in 

Table 5-1 and Table 5-2), this study formalizes time- and cost-based process efficiency measures 

grounded in data-driven process mining evidence, directly addressing Gaps (4) and (6) identified 

in Section 3.6. 

Table 5-2.PHM Scope Definition & Key Process Performance Metrics: Cost & Organizational Perspectives 

Perspective 
Type of  

Analytics 

Process-Question(s)  

Base Investigation Scope 

Key Process Performance 

Metric(s) & Refs. 

Cost  

(C) 

Performance 

Assessment 

(Descriptive) 

C-Q1. Number of process instances per million 

dollar of construction value? 

C-Q2. What is the average cost of the discovered 

dominant process? 

C-Q3. What is the total cumulative process cost 

incurred? 

C-Q4. Which are the costliest process variants? 

C-Q5. What is the Weighted Average Cost 

Efficiency (WACE)? 

Process Instances/$Million 

Cost Amount; 

Cost Overruns Amount; 

Cost Efficiency 

(WACE) 

 

 

[227, 228] 
Performance 

Assessment &  

Root Cause 

Analysis  

(Diagnostics) 

C-Q6. What is the average cost overrun 

attributable to rework loops? 

C-Q7. What are the primary process execution 

drivers contributing to cost overruns? 

C-Q8. What are the most cost-efficient process 

variants? 

C-Q9. What process characteristics lead to higher 

processing costs? 

Organizational 

(O) 

Social Network 

Analysis 

(SNA) 

(Descriptive)  

O-Q1. Which resources are frequently involved in 

sequential task handovers? 

O-Q2. Which resources co-participate most 

frequently in the process? 

SNA Metrics for: 

Handover of Work; 

Working Together; 

Subcontracting 
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O-Q3. What are the subcontracting patterns 

among process participants? 

 

 

[90, 229-231] 

 
SNA 

Performance 

Assessment 

(Diagnostics) 

O-Q4. Do overloaded resources experience longer 

handling times? 

O-Q5. Do specific process participants or roles 

influence process delays? 

5.4.1.3. Module 3 (M3): Process event log generator 

AEC/FM organizations constantly strive to harness project operations data from siloed source 

systems in order to enable the automated extraction of actual process performance insights. This 

task requires the integration and transformation of raw system data into well-defined, process-

aware structures [232, 233]. Currently, the AEC/FM domain lacks a systematic method to 

accomplish this task. To address this gap, the D2P transformation method comprises a system-

agnostic module for automated process event log generation, illustrated by Figure 5-2, which 

follows a data Extraction, Transformation, Loading, and Enrichment (ETL+E) pipeline to 

construct high-quality process event logs. 

 

Figure 5-2. System-agnostic event log generation module. 

The data extraction phase involves harvesting project operational data from multiple 

heterogeneous sources, including relational databases (e.g., SQL-based systems) and construction 

digital platforms such as CDEs. Extraction from relational databases is typically performed using 

structured SQL queries, with outputs exported in Comma-Separated Values (CSV) format. 

However, project data stored in such databases is often available only as static snapshots captured 



CHAPTER 5. LEAN-BASED PROCESS MINING & MANAGEMENT (LPMM) 

METHODOLOGICAL FRAMEWORK 

 

102 
 
 

at discrete points in time, thereby lacking explicit E2E process lifecycle awareness. 

To address this limitation, in this Module 3 (M3) additional data extraction mechanisms 

are implemented to retrieve E2E process-related attributes directly from cloud-based construction 

platforms (i.e., CDEs). This extraction is performed through HTTP-based REST (Representational 

State Transfer) APIs. In this vein, Algorithm 1 presents the developed data extractor, illustrated in 

Figure 5-3 is defined to systematically retrieve for example RFI process-related data, including 

lifecycle status records, role-based project actions, and associated timestamps, from Procore. 

Although the D2P method is demonstrated in this study using Procore as the primary project CDE 

[199, 234], the underlying data extraction logic is generalizable to other CDE platforms and 

process types by targeting their respective API endpoints. 

In this study, the proposed extraction algorithm is configured to support recurrent, 

automated retrieval of process data from the CDE. First, a secure Data Connection Web 

Application is registered through the Developer Portal [235] to enable API-based integration. 

Second, the extraction logic is implemented as an HTTP-triggered Azure Function App [217], 

authenticated via bearer token credentials, and configured to target two principal process API 

endpoints: (i) /projects/PROJECT_ID/rfis/ for retrieving structured process metadata and content, 

and (ii) /projects/PROJECT_ID/rfis/RFI_ID/replies for capturing associated process response 

threads and inter-organizational information exchanges and communications. Third, a cloud-based 

object storage resource is provisioned to persist the raw JSON (JavaScript Object Notation) 

response payloads, thereby ensuring data traceability, reproducibility, and auditability of the 

extraction process. Fourth, the nested JSON structures are programmatically flattened and schema-

aligned to extract relevant RFI attributes, including unique identifiers, temporal markers, workflow 

states, responsible actors, and inter-organizational communication exchanges. Fifth, SQL stored 

procedures are configured to transform and load the extracted JSON data into normalized relational 

database schemas, enabling structured querying and longitudinal analysis. Sixth, the Data 

Extractor is deployed within a cloud-based execution environment and configured to operate on a 

recurrent schedule to ensure continuous and systematic acquisition of process data. Finally, a data 

fusion mechanism reconciles newly retrieved RFI process-related records with pre-existing 

relational datasets to maintain dataset integrity and preserve historical state transitions. This 
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integration step ensures data consistency while producing a consolidated, lifecycle-aware dataset 

that serves as the structured and temporally ordered foundation for automated process event log 

generation via the D2P transformation method. 

 

Figure 5-3. Pseudocode: Web-based RFI data extractor via HTTP REST API. 

Process event logs comprise structured collections of events that capture valuable digital 

traces, or footprints, of historical executions of construction processes. An event is composed of 

at least three base attributes: (i) ‘cases’, referring to individual process instances represented by a 

collection of related events; (ii) ‘event activities’, referring to discrete process actions or 

transactions recorded at specific points in time; and (iii) ‘timestamps’, referring to the temporal 

attributes of executed event activities formatted in accordance with the ISO 8601 standard [91, 

126]. To ensure robust process mining implementation, event logs must be systematically 

structured with formally defined syntax and semantics in compliance with established international 

standards, such as the eXtensible Event Stream (XES) specification, encoded using an Extensible 

Markup Language (XML) Schema Definition (XSD) [236]. 
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In traditional process mining, events are assumed to be partially ordered, meaning that they 

follow a strict partial order that is transitive (If a≺b and b≺c, then a≺c), irreflexive (a ⊀a), and 

asymmetric (If a≺b, then b⊀a). An event log can be formally defined by     (Eq. 1) [91]. For a 

common control-flow perspective analysis, this event log notion can be further simplified as per    

(Eq. 2) [91] given that only the activities’ key-value pairs need to be sequentially ordered for a 

given process workflow instance. To build this structure, Figure 5-4 presents the developed 

Transformer (Algorithm 2) as part of the D2P method, which for instance operationalizes the 

generation of RFI event logs by systematically transforming project-centric, data-oriented schemas 

(e.g., SQL databases) into structured, process-aware event log representations, illustrating the 

transformation logic for the ‘Create RFI’ process event activity and its applicability to other 

process event activities within the E2E process subject to assessment and monitoring.  

 

Figure 5-4. Pseudocode: Transformer for automated event log generation. 

Once constructed, the event log structure can be enriched to enable additional perspectives 

of analysis, and subsequently serialized into XES format to adhere to the standard, for instance,  
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by using the python library PM4Py [98, 207].  Figure 5-5 presents an example of event log 

enrichment by adding the cost extension (or dimension) to the RFI process event log, thereby 

enabling analysis of the process from a cost perspective. Additionally, the algorithm integrates the 

XES serializer and a loader mechanism for storing the enriched event log back into the SQL 

database [207], as illustrated in Figure 5-5. 

The enrichment algorithm (Algorithm 3) comprises three main steps. First, a web-based 

connection to the SQL server is established, and the event log data table is retrieved using 

structured SQL queries. Second, for each process event activity in the log, activity-based cost 

values are computed per project stakeholder role and appended as cost-related attributes. Third, 

the enriched RFI event log is serialized in conformance with the XES schema definition to ensure 

structural and semantic compliance and subsequently persisted back into the SQL server database. 

 

Figure 5-5. Pseudocode for RFI event log enrichment and XES serializer. 

5.4.2. Process discovery and performance assessment – Level 4 (L4) 
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5.4.2.1. Module 4 (M4): Process model discovery/extraction 

Event logs, produced by algorithms similar to those previously presented in Section 5.4.1.3, serve 

as the basis for implementing process mining techniques [35]. This module focuses on the 

automated process discovery and reconstruction of actual process model executions. Process 

mining enables this capability, whether to extract "as-happened," near-real-time, or real-time 

process models, depending on the implemented data extraction and transformation techniques as 

well as the level of process awareness, as illustrated in Figure 5-1.  

The α-algorithm often proves ineffective to discover real-world process behavior due to its 

inability to filter out non-significant behavior, but it serves as the foundation for more advanced 

process discovery techniques, such as the Fuzzy Miner and Inductive Miner (IM) algorithms [121-

123]. These process discovery algorithms, as explained in Section 2.2.5, are widely used in real-

world industrial applications, as they support the extraction of more realistic and interpretable 

process models by filtering out non-significant execution paths (i.e., Fuzzy Miner) and ensuring 

soundness or the absence of deadlocks (i.e., IM), which allows the E2E execution of each process 

instance. Therefore, this study adopts these two techniques to automatically derive the “as-

happened” inter-organizational management process model from constructed operational event 

logs and enable continuous process performance monitoring. 

To perform a robust process performance analysis, not only must the event logs conform 

to existing standards (i.e., XES), but the quality of the discovered process models must also be 

evaluated. To perform this verification this study relies on two main quality metrics proposed by 

Buijs et al., (2014): (i) ‘fitness’; and (ii) ‘precision’. Both of these metrics work by replaying the 

observed behavior of the event log on top of the process model discovered using an alignment-

based technique [126]. However, the former analyzes the fraction of the traces in the event log that 

can be reproduced by the process model by and it can be computed using (Eq. 7) [237]. In other 

words, it measures the extent on how well the extracted process model properly reproduces the 

observed behavior in the event log. The latter, instead, focuses in analyzing any additional behavior 

allowed by the process model that is not present in the event log by counting the so-called escaping 

edges on the model for each aligned trace event (i.e., visits), as per (Eq. 8) [237]. 
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𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 1 − (
∑ (𝑓𝐴𝑙𝑖𝑔𝑛𝐶𝑜𝑠𝑡𝑀𝑖𝑠𝑚𝑎𝑡𝑐ℎ𝑒𝑠(𝐿,𝑀)
𝑙𝑜𝑔𝑡𝑟𝑎𝑐𝑒−𝒏
𝑙𝑜𝑔𝑡𝑟𝑎𝑐𝑒−𝒊  

)

∑ (𝐶𝐿𝑁𝑜𝑛−𝑆𝑦𝑛𝑐ℎ𝑜𝑛𝑜𝑢𝑠𝑀𝑜𝑣𝑒𝑠)
𝑙𝑜𝑔𝑡𝑟𝑎𝑐𝑒−𝒏
𝑙𝑜𝑔𝑡𝑟𝑎𝑐𝑒−𝒊

 ) 
                              (Eq. 7) 

  

Where 𝑓𝐴𝑙𝑖𝑔𝑛𝐶𝑜𝑠𝑡𝑀𝑖𝑠𝑚𝑎𝑡𝑐ℎ𝑒𝑠(𝐿,𝑀) represents a cost function with the ‘penalty’ given to the 

non-matching trace events between the event log and the process model to reach an optimal 

alignment. As for the denominator, 𝐶𝐿𝑁𝑜𝑛−𝑆𝑦𝑛𝑐ℎ𝑜𝑛𝑜𝑢𝑠𝑀𝑜𝑣𝑒𝑠  is the total cost required for aligning all 

activities in the event log with the process model, assuming the worst-case scenario where no 

perfect matches exist. Therefore, fitness values closer or equal to 0, indicate underfitting meaning 

that the process model fails to represent the execution log sequences. Conversely, fitness values 

closer or equal to 1, indicate that the process model can properly reproduce the execution behavior 

contained in the event log. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  1 −

(

 
 
∑ (𝑉𝑖𝑠𝑖𝑡 𝐶𝑜𝑢𝑛𝑡𝑠 ∗ (

𝑂𝑢𝑡𝑔𝑜𝑖𝑛𝑔𝐸𝑑𝑔𝑒𝐶𝑜𝑢𝑛𝑡 − 𝐹𝑖𝑟𝑒𝑑𝐸𝑑𝑔𝑒𝐶𝑜𝑢𝑛𝑡
𝑂𝑢𝑡𝑔𝑜𝑖𝑛𝑔𝐸𝑑𝑔𝑒𝐶𝑜𝑢𝑛𝑡

 ))𝑠𝑡𝑎𝑡𝑒 𝒏
 𝑠𝑡𝑎𝑡𝑒 𝒊

∑  𝑉𝑖𝑠𝑖𝑡 𝐶𝑜𝑢𝑛𝑡𝑠𝑆𝑡𝑎𝑡𝑒 𝒏
𝑆𝑡𝑎𝑡𝑒 𝒊

)

 
 

 

    (Eq. 8) 

Where 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
∑(𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝐵𝑒ℎ𝑎𝑣𝑖𝑜𝑟)𝐿
∑(𝐴𝑙𝑙𝑜𝑤𝑒𝑑 𝐵𝑒ℎ𝑎𝑣𝑖𝑜𝑟)𝑀

  , and it can be represented in terms of traces, 

events, or scaping edges as in (Eq. 8). Therefore, precision values close to or equal to 0 indicate 

overgeneralization or poor precision due to the high fraction of allowed edges in the process model 

that are not observed in the log. Oppositely, if there are no escaping edges or no additional behavior 

is allowed by the discovered process model, then the precision is high, and near to 1. 

5.4.2.2. Module 5 (M5): Process performance assessment  

Once the actual process behavior has been discovered and validated, the derived process model(s) 

serves as input for automated PHM, which involves detecting and diagnosing real-world process 

performance issues in E2E business operations by dynamically assessing their performance. In this 

regard, this study implements the proposed LPMM methodology to perform the performance 

assessment of the RFI management process. This hybrid methodology not only helps reveal 

process inefficiencies but also provides data-driven explainability of why they might be occurring, 

thereby generating valuable and actionable process performance insights. 

For the quantitative process performance assessment, this study focuses on four main 
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process perspectives of PHM. Table 5-1 provides an overview of the first two perspectives. First, 

the control-flow perspective where a dominant process model for the case study is automatically 

discovered from reconstructed evet logs, then it is validated using (Eq. 7) and (Eq. 8). Based on 

this derived ‘as-happened’ process model, main process deviations, frequency-based bottlenecks, 

and rework loops are identified. Additionally, a cross-case process variant analysis is carried out 

to detect and compare performance patterns of actual process executions together with a text 

mining n-gram and Term Frequency – Inverse Document Frequency (TF – IDF) analysis for the 

unstructured data content. Second, the time perspective comprises general metrics such as: (i) 

inter-arrival, on time and late response rates; (ii) Lean-based metrics into how specific process 

behavior patterns impact activity cycle times, lead time, and Work in Progress (WIP); (iii) a 

comparative process mining implementation is employed to analyze the Weighted Average 

Process Efficiency (WAPE) of the executed business process (i.e., time-based efficiency) across 

projects using (Eq. 9), which was derived from value-added process time Lean-based concept [225, 

226]; and (iv) process drift and batch detection using performance spectrum miner (PSM) [224, 

238]. For instance, (Eq. 9) provides an example of computing WAPE for RFI management; 

however, the formulation can be generalized by replacing the RFI entity with other process entities, 

such as change orders or progress payments. 

𝑊𝐴𝑃𝐸𝑃𝑟𝑜𝑗𝑒𝑐𝑡 𝑖 (%) =
∑ (

𝑉𝐴𝑇𝑅𝐹𝐼𝑠 𝑖𝑣
𝐿𝑒𝑎𝑑 𝑇𝑖𝑚𝑒𝑅𝐹𝐼𝑠 𝑖𝑣

)𝑣=𝑛
𝑣=1

∑𝑁𝑜. 𝑜𝑓 𝑅𝐹𝐼 𝑉𝑎𝑟𝑖𝑎𝑛𝑡𝑠
∗ 100 

(Eq. 9) 

  

Where ∑ (
𝑉𝐴𝑇𝑅𝐹𝐼𝑠 𝑖𝑣

𝐿𝑒𝑎𝑑 𝑇𝑖𝑚𝑒𝑅𝐹𝐼𝑠 𝑖𝑣
)𝑣=𝑛

𝑣=1  represents the sum of time-based ratios for each process 

variant in project, from the first variant (v = 1) to the last variant (v = n); 𝑉𝐴𝑇𝑅𝐹𝐼𝑠 𝑖𝑣 = Value Added 

Time (i.e., Cycle Time) of all RFIs in variant v; 𝐿𝑒𝑎𝑑 𝑇𝑖𝑚𝑒𝑅𝐹𝐼𝑠 𝑖𝑣  = Lead time of all RFIs in 

variant v;  and ∑𝑁𝑜. 𝑜𝑓 𝑅𝐹𝐼 𝑉𝑎𝑟𝑖𝑎𝑛𝑡𝑠 = total number of process variants in project i. 

Table 5-2 presents an overview of the two remaining perspectives examined in the 

quantitative process analysis. The cost-oriented perspective is enabled by enriching the event log 

with cost-related attributes, as described in Figure 5-5. In this study, the cost perspective includes 

general descriptive statistics and specific key process performance metrics such as the total 

cumulative process cost, the average cost of the discovered dominant process, identification of 
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costliest process variants, and the computation of the Weighted Average Cost Efficiency (WACE) 

as per the deducted (Eq. 10). This equation provides an example of computing WACE for RFI 

management; however, the formulation can be generalized by replacing the RFI entity with other 

process entities, when analyzing other business processes. 

𝑊𝐴𝐶𝐸𝑃𝑟𝑜𝑗𝑒𝑐𝑡 𝑖 (%) =
∑ (

𝐶𝑜𝑠𝑡𝑅𝐹𝐼𝑠 𝑖𝑣 𝑤𝑖𝑡ℎ𝑖𝑛 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
𝐶𝑜𝑠𝑡𝑅𝐹𝐼𝑠 𝑖𝑣

)𝑣=𝑛
𝑣=1

∑𝑁𝑜. 𝑜𝑓 𝑅𝐹𝐼 𝑉𝑎𝑟𝑖𝑎𝑛𝑡𝑠
∗ 100 

(Eq. 10) 

Where ∑ (
𝐶𝑜𝑠𝑡𝑅𝐹𝐼𝑠 𝑖𝑣 𝑤𝑖𝑡ℎ𝑖𝑛 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑

𝐶𝑜𝑠𝑡𝑅𝐹𝐼𝑠 𝑖𝑣
)𝑣=𝑛

𝑣=1  represents the sum of cost-based ratios for each 

process variant in project, from the first variant (v = 1) to the last variant (v = n); 

𝐶𝑜𝑠𝑡𝑅𝐹𝐼𝑠 𝑖𝑣 𝑤𝑖𝑡ℎ𝑖𝑛 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑= the total cost of all RFIs within variant v of project 𝑖 that fall within 

the defined threshold; 𝐶𝑜𝑠𝑡𝑅𝐹𝐼𝑠 𝑖𝑣 = denotes the total cost of all RFIs within variant 𝑣;  and 

∑𝑁𝑜. 𝑜𝑓 𝑅𝐹𝐼 𝑉𝑎𝑟𝑖𝑎𝑛𝑡𝑠 = total number of process variants in project i. 

The fourth perspective is the organizational one, which examines team dynamics among 

resource participants involved in executing the RFI process. Within this perspective, key social 

networks are identified, including Handover-of-Work, Subcontracting, and Collaboration 

networks. For each network, various SNA performance metrics [90] are analyzed as described in 

Table 5-2.  

By identifying actual process inefficiencies or operational performance pain points across 

multiple process perspectives through the proposed LPMM methodology, construction 

organizations can leverage their project operations data to extract actionable performance insights. 

This enhances process transparency and visibility into performance status, supports fact-based 

decision-making by key project stakeholders, and enables targeted data-driven process 

improvement strategies. 

5.4.3. Process-driven decision-making – Level 5 (L5) 

The upper level (L5) of the process-oriented architectural layer of the D2P method, depicted in in 

Figure 5-1, comprises the two top-level modules of the LPMM framework, which aim to drive 

process intelligence by supporting data-driven decision-making based on the process-driven 

insights discovered during the performance assessment and diagnostics phase as described in 

previous sections. These modules constitute cumulative components of the proposed process-
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aware framework for the continuous monitoring and process management, as they promote 

evidence-based decision-making and support automated, continuous PHM. Collectively, these 

capabilities facilitate the systematic identification of critical process performance deficiencies, 

thereby informing targeted improvement strategies to streamline critical business operations and 

control process variability. These capabilities help reduce risks associated with this variability. 

5.4.3.1. Module 6 (M6): Process improvement opportunities 

Module 6 (M6) focuses on identifying timely, targeted interventions for process improvement and 

variant-level process control, informed by data-driven decision points extracted from actual 

process executions and grounded in diagnostic analysis. The resulting improvement opportunities 

comprise data-driven best practices derived from observed performance patterns and are 

formulated as action- and target-oriented intervention recommendations based on the extracted 

performance insights [72]. This study is grounded in the premise that a data-driven diagnostic 

analytical phase to evaluate and monitor “as-happened” process performance must precede any 

business process automation, simulation, or process re-engineering initiative to ensure that 

interventions systematically address the most critical root causes of process inefficiencies and 

sustain robust variant-level process control while preventing wasteful and premature automation 

efforts. 

5.4.3.2. Module 7 (M7): Continuous Process Performance Monitoring & Dynamic Reporting 

Module 7 (M7) of the proposed process-oriented framework focuses on continuous PHM through 

customized reporting implemented via dynamic process performance boards, leveraging process 

mining–based insights derived from the quantitative process assessment enabled by the D2P 

method. These reporting mechanisms provide sustained visibility into E2E process performance, 

thereby enhancing transparency and enabling continuous monitoring and process auditing. Section 

6.2.3.2 presents a real-world implementation of such dynamic process performance boards. In 

addition to the key performance metrics defined in Table 5-1 and Table 5-2, key PPIs can be 

defined by AEC/FM organizations for instance from AACE Total Cost Management Framework 

[239], project contracts [240], construction schedules [138], execution plans [139], or expert 

inputs[46] the latter (PPIs) differ from metrics in that they define operational performance targets 
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to be monitored as part of the PHM, for example benchmarking targets for RFI resolution times 

[241]. 

CHAPTER 6.  METHOD IMPLEMENTATION AND RESULTS: RFI 

MANAGEMENT5 

This chapter focuses on the application of the proposed LPMM framework through a real-world 

case study involving an initial dataset of more than 1,400 construction projects comprising over 

8,570 RFIs managed by a large general contractor (GC) in North America. The analyzed projects 

span four distinct lifecycle phases: bidding/budgeting, pre-construction, construction, and post-

construction. The study consists of assessing the operational performance of the RFI management 

process through the implementation of the proposed LPMM method across multiple project types. 

The performance evaluation focuses on four key perspectives: the control-flow and time, described 

in Table 5-1, and the cost and organizational, presented in Table 5-2. These tables also outline the 

performance aspects and questions to be investigated in this case study, along with the defined key 

PPIs to be measured. While all four perspectives are examined, the primary focus is on process 

efficiency, particularly in terms of time and cost. The case study has three primary objectives: (i) 

to apply the LPMM framework in real-world settings; (ii) to uncover latent inefficiencies and their 

potential root causes by quantitatively assessing the actual execution performance of the RFI 

process in an automated manner; and (iii) to identify process improvement opportunities derived 

from the quantitative assessment. 

Although the study includes descriptive analytics and derived prescriptive 

recommendations (i.e., derived from diagnostics), the performance assessment primarily centers 

on diagnostic analytics grounded in process mining techniques and Lean-based metrics. Diagnostic 

analytics play a critical role in PHM, as they can reveal “as-happened” process performance issues 

of RFI workflows as executed by project stakeholders. The process-aware insights extracted from 

 
5 This chapter is based upon:  

A. J. Martinez Lagunas and M. Nik-Bakht. 2025. "Automated RFI End-to-End Process Performance Assessment and 

Monitoring: A Digital Mining-based Method to Enhance Construction Operations Management”.  Status: 

Submitted – Under Review 
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this analysis are essential for enabling and enhancing advanced predictive and prescriptive 

analytics. Most predictive models lack explainability and transparency concerning the underlying 

process dynamics, specifically in understanding how the process is actually executed and in 

identifying the most likely reasons behind the predicted suboptimal performance. To address this 

gap, the study extracts actual performance behavior patterns and identifies their underlying root 

causes. This case study also aims to provide insights for construction organizations seeking to 

transform their data-oriented systems into process-aware architectures. It presents a general 

approach for deriving actionable performance insights from project operations data related to RFI 

management, identifying targeted opportunities for process improvement and supporting data-

driven decision-making. The following sections are organized in alignment with the 

methodological framework introduced in Chapter 5. , with a specific focus on presenting the RFI 

management process case study and its results. These subsections provide further details on the 

projects examined in this study, the types of data related to the RFI process, the implementation 

steps of the PHM framework, and the findings derived from the automated process performance 

assessment. 

6.1. LPMM Framework - Layer I: Data-oriented architecture 

6.1.1. Data-oriented systems, project roles, and raw data – Level 1 (L1) 

The GC largely relies on Procore [199] and SQL Server [218] databases to securely store, query, 

share, and manage its business operations data associated with its construction project portfolio. 

The SQL Server database snapshot contains a ‘static data view’ of the GC’s project portfolio with 

real-world operations data. The static data view was extracted by the GC in August of 2023. The 

‘procore.projects’ data table contained 1,402 construction projects, mostly located in the United 

States, being managed by the GC using Procore, as of the date of data extraction. Although this 

static SQL database snapshot included some historical project data, it lacked the required dynamic, 

stateful, process-aware data, specifically RFI process lifecycle traceability. Accordingly, two key 

actions were undertaken to address this challenge. The first action was to develop a Procore data 

connection application on the Procore Developers Portal [206, 235], enabling the dynamic 

extraction of specific stateful process data for key projects directly from the GC’s Procore Instance 

using HTTP REST API calls method [241]. This type of extraction was performed whenever the 
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required stateful data attributes were unavailable in the SQL database snapshot. The second action 

involved extracting anonymized insights into the number of user actions performed by 

construction stakeholders on the GC’s Procore instance using a task mining approach [125]. The 

task mining scope in this study consisted of extracting project stakeholders’ user activity from 

Procore and analyzing it to gain a general understanding of the most active projects, key 

stakeholder roles, the most frequently used Procore modules and tools, and the overall significance 

of the RFI management process within those projects. It is worth noting that the outcome of these 

two actions provided dynamic insights, in contrast to the static views offered by the SQL data 

snapshot only. Therefore, the enriched data collection for this study comes from both data sources: 

Procore and SQL. 

Figure 6-1 illustrates the results of the GC’s task mining analysis based on Procore usage 

data, revealing that within the Procore Project Management module, the top three most-used tools 

at the time of the analysis were Drawings, Submittals, and RFIs. Although the drawing and 

submittal approval processes are highly important, this study focuses primarily on the RFI 

management process. It is worth noting that drawings and submittals are often referenced in RFIs 

by involved parties or even attached to them; however, the specific analysis of those processes 

falls outside the scope of this study. This presents an opportunity for scholars and practitioners to 

explore these processes in future research, as highlighted in [26]. The most active stakeholder roles 

and the most active projects are determined by the number of user actions performed within each 

project and tool as shown in Figure 6-1. The usage analysis included activity from office-based 

teams, who tend to use Procore Web, and field-based teams, who primarily use Procore Mobile. 
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Figure 6-1. Sample users’ usage analysis on Procore CDE by project and stakeholder role – Power BI. 

This stage also involved identifying relevant raw Procore data related to the RFI 

management process, including, among others: RFI identifiers, lifecycle statuses, timestamps, user 

identifiers, locations, disciplines, drawing numbers, and free-text fields such as questions, subjects, 

and responses. As summarized in Table 6-1, the raw RFI-related data tables identified in the GC’s 

SQL database include: Companies, Projects, Workers, Project Roles, RFIs, RFI Questions, RFI 

Answers, and RFI Drawings.. Table 6-1 presents the number of records and attributes of each 

dataset, along with their identifiers and linking attributes, namely the primary and foreign keys. 

Table 6-1. GC’s SQL database snapshot: raw data overview. 

Data Table 
No. of 

Datapoints 

No. of 

Attributes 

Primary 

Key 

Foreign 

Keys 

Companies 11,362 71 CompanyID EmployeeID 

Projects 1,402 65 ProjectID CompanyID 

Workers 22,281 45 WorkerID CompanyID 

Project Roles 15,895 15 RoleID WorkerID; ProjectID 

RFIs 8,578 71 RFI_ID CompanyID; ProjectID; WorkerID 

RFI Questions 8,578 18 RFIQuestionID RFI_ID; ProjectID 

RFI Answers 11,236 20 AnswerID RFI_ID; RFIQuestionID; ProjectID 

RFI Drawings 2,125 14 DrawingID RFI_ID; ProjectID 
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6.1.2. Data cleaning, data model, and project information – Level 2 (L2) 

At L2, the initial data cleaning process involved the following steps: first, any projects without 

logged RFI data in the available data sources were filtered out from the initial set of 1,402 projects; 

second, Procore sandbox test projects and projects with estimated contract values ≤ $1 (USD)were 

excluded, as they were created solely for testing and do not represent real projects. This resulted 

in 215 projects with a total of 8,349 RFIs, which were subsequently narrowed down according to 

the criteria outlined in the sections below for this study. 

 

Figure 6-2. Reconstructed Entity-Relationship Diagram (ERD) of RFI management SQL data tables. 

Based on the identified primary and foreign keys of each data table described in Table 6-1, 

a CDM related to the RFIs across these projects was generated and represented as an ERD, shown 
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in Figure 6-2. Each table represents a data model entity, and these entities are interrelated through 

one of the following relationship types: many-to-many, one-to-one, one-to-many, or many-to-one. 

For example, multiple ‘Project Roles’ can participate in the RFI process of various ‘Projects’, a 

‘Project’ can have multiple ‘RFIs’, each ‘RFI’ is associated with one ‘RFI’ question, an ‘RFI 

Question’ can have multiple ‘RFI Answers’, and each ‘RFI’ can refer to multiple ‘Drawings’. 

Furthermore, as shown in Figure 6-2, not all raw attributes were included in the ERD; all null or 

redundant data attributes, as well as any irrelevant metadata, were excluded.  

6.2. Layer II: Process-aware architecture 

6.2.1. Foundational Process Data Models (FPDMs) – Level 3 (L3) 

As described in Section 5.4.1, the generation of FPDMs is an essential step for AEC/FM 

organizations seeking to transform their current data-oriented architectures (i.e., Layer I in Figure 

5-1) into process-aware structures (i.e., Layer II in Figure 5-1). This step L3 consists of three main 

subtasks: (i) understanding the process of interest; (ii) designing the RFI management process 

mining use case, and (iii) producing the required event logs in accordance with the XES standard 

[108]. The produced event logs are the backbone of the foundational process-oriented data models. 

6.2.1.1. Module 1 (M1): Process and project selection, process understanding 

Process Selection – This study focuses on analyzing the RFI management process not only because 

it is identified in the literature as a core process [26, 242], but also due to its observed significance 

across all construction projects, regardless of the adopted delivery system, and its relevance to the 

projects managed by our industry partner. In this regard, the starting point is to gain a general 

understanding of the process, either from recommended best practices in the existing literature [24, 

243] or from ‘as-planned’ process models documented by construction organizations. The 

expected RFI process model is often tailored to meet specific company’s organizational 

requirements, project stakeholder roles, project settings, delivery methods, and contractual 

agreements.  

Project Selection – Apart from identifying the underlying CDM (see Figure 6-2), another 

important aspect is determining how many RFIs are managed in those projects. The volume of 

RFIs managed in each project is a key feature from a process-oriented standpoint, as each RFI 
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represents a specific workflow instance involving several interrelated activities often executed in 

different ways by multiple project stakeholders. These instances may include various decision 

points, required approvals, and other elements depending on the size, type, and complexity of the 

construction project. 

 

Figure 6-3. Breakdown of selected RFI project data for process-oriented analysis                                                              

(see interactive chart here). 

Taking these aspects into account, the following logic was applied to select the projects 

and their corresponding RFIs for quantitative process assessment using the proposed LPMM 

method, as presented in the subsequent sections: (i) all projects were grouped by lifecycle phase, 

project type, and contract type; (ii) projects were ranked based on the highest volume of RFIs and 

the maximum estimated project values, from which the top two were selected due to their greater 

significance. In cases where only one project existed for a specific project type, that top project 

was also selected; and (iii) based on the statistical quartiles of RFI counts within each project 

https://lambent-crisp-ddfa9e.netlify.app/
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group, it was observed that some projects selected in the previous step still exhibited relatively low 

RFI volumes compared with the minimum RFI count in the highest quartile. To ensure sufficient 

process activity for analysis, an additional filtering threshold was therefore applied, excluding 

projects with fewer than 10 RFIs. After applying these filtering criteria, the final dataset comprised 

71 projects with a total of 5,564 RFIs. Figure 6-3 presents an overview of these projects by project 

phase, along with the corresponding RFI count for each project. This final cleaned dataset included 

project types such as industrial, residential, healthcare, institutional, and commercial projects. 

Process Understianding – Extended Literature Review on RFI management: Given its high 

importance, the existing literature on RFI management and its performance assessment in 

construction projects, as reported by several scholars and industry professionals, was meticulously 

reviewed and classified into three major streams based on the primary analytical approach adopted 

by the studies: (i) text mining-based studies; (ii) data-oriented studies; and (iii) process-oriented 

studies as summarized in Table 6-2. 

Aiming to streamline document management workflows, Das et al. (2022) designed a 

blockchain-based framework that leverages (i) smart contract technology to customize approval 

workflow logics based on predefined client requirements; (ii) blockchain ledgers to maintain a 

traceable record of document lifecycle state changes; and (iii) document management tree-like 

structures to guarantee version control. The authors then developed a proof-of-concept (POC) 

prototype for the RFI process, enabling automated management features with enhanced process 

control [244]. In the same vein, Erri Pradeep et al. (2021) developed a blockchain-based process 

model prototype to support the management of design-related RFIs by keeping a record of all 

historical RFI transaction updates [245]. Even though both studies [244, 245] propose advanced 

features to enhance and automate the traceability of the RFI process, there remains a need to 

identify and diagnose actual process inefficiencies to enable the implementation of laser-focused 

automation initiatives. 

Another aspect examined by various research scholars is process interoperability, which 

aims to enable seamless and standardized process implementation across multiple projects and 

organizations. Golzarpoor et al. (2017) developed the so-called “Industry Foundation Process 

(IFP) ontology” to facilitate automated process conformance checking of core business processes, 
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including the RFI process, by applying object-oriented programming rules, and to foster process 

interoperability [24, 53, 169]. In line with this effort, Zhu and Augenbroe (2006) proposed a 

conceptual model using Unified Modeling Language (UML) notation to enrich existing cloud-

based, data-oriented Application Programming Interfaces (APIs) with process-oriented 

functionalities to support intra- and inter-organizational information process management. The 

model comprises four main interrelated process components: tasks, cases or documents, 

organizational resource teams (i.e., task performers), and the decision criteria associated with those 

tasks [25]. Regardless of the contributions of these studies, they primarily adopted a top-down 

(normative or prescribed) approach rather than considering a bottom-up (data-driven) approach to 

continuously derive process-oriented performance behavior from actual operations data [26]. 

When it comes to analyzing the process performance of RFI management, only a few 

efforts have been reported in the literature. Mohamed et al. (1999) developed a dynamic simulation 

model to estimate the time and cost impacts of the RFI process, as well as the potential savings 

generated by executing it through cloud-based solutions such as construction Project Management 

Information Systems (PMIS). The RFI process was modeled as a series of business tasks 

transferred from one process actor (i.e., task performer) to another. The study reported that each 

RFI requires a mean processing time of 17 working hours, incurs an estimated cost of about 1,380 

Australian dollars, and could achieve potential time savings of up to 40% through PMIS 

implementation [246].  

Similarly, adopting a simulation-based approach, Papajohn and El Asmar (2020) used 

discrete event simulation (DES) to model the RFI process as a stochastic series of events. Their 

study investigated the RFI response time for 2,000 RFIs from 17 highway projects under Design-

Build (DB), Design-Bid-Build (DBB), and Construction Management/General Contractor 

(CM/GC) systems, assigning each RFI a specific urgency level based on practitioner survey 

responses [247]. Both studies [246, 247] applied Monte Carlo random sampling to account for the 

uncertain nature of RFIs, particularly for tasks whose durations vary significantly depending on 

their complexity. Notably, in contrast to the findings of Kim et al. (2022) [248], which also 

analyzed civil projects, the study in [247] found that DB projects had a greater number of RFIs 

and longer response times than those delivered under DBB or CM/GC. The study attributed these 

findings to intrinsic characteristics of DB projects, such as greater uncertainty, complexity, and 
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urgency. However, both simulation-based studies [246, 247] relied on subjective input from 

construction practitioners to model the process, and even though [247] incorporated actual logged 

durations for certain RFI tasks, the study acknowledged that aspects such as team dynamics of the 

actors performing those tasks and actual E2E process variability were not investigated. 

Both described simulation-based studies [246, 247] offer a forward-looking approach to 

assess what-if performance scenarios of the RFI process, nonetheless they do not consider the 

importance of diagnosing the actual E2E process performance. In other words, they overlook the 

use of modern data-driven approaches such as process mining to enrich simulation model inputs 

by extracting actual process performance behavior, which in turn can help improve simulation 

results and process efficiency [26].  

As noted by several scholars and industry reports, modern ICT developments play a key 

role in enhancing the efficiency of the RFI management process and mitigating potential risks, by 

preventing the abuse or overuse of RFIs and supporting timely responses [242, 249]. This process 

is an essential communication tool in construction projects regardless of the chosen delivery 

method [227, 246, 250]. In this context, although several cloud-based construction management 

platforms are available on the market, Aconex [211] and Procore [199] are among the most widely 

adopted by construction organizations to aid in managing construction information processes, with 

Procore having a larger presence in North America [199, 251]. However, at present, most of these 

construction platforms, although continuously evolving, rarely enable dynamic assessment and 

continuous performance monitoring of actual E2E processes [26]. In this regard, various recent 

studies have emphasized the opportunity of leveraging novel technologies and methodologies such 

as Building Information Modeling (BIM), Natural Language Processing (NLP), and Large 

Language Models (LLMs), blockchain, and process mining to enhance, automate, and control the 

information management processes [26, 72, 232, 242, 244, 252, 253]. 
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Table 6-2. Synthesis of previous studies in relation to the proposed LPMM Framework 

Authors Ref Year Location 

R
F

I 

C
P

A
 

T
M

 

D
O

 

P
R

O
 

P
E

R
 

D
E

A
 

D
IA

 

P
D

A
 

P
S

A
 

P
R

M
 

E
2

E
 

A
S

 

A
T

 

T
B

 

T
 

C
 

C
F

 

O
 

Afzal et al.   [254] 2023 Australia ✓   ✓       ✓                         

Yilmaz & 

Ergen  
 [255] 2024 Greece ✓   ✓ ✓     ✓                         

Hanna et al.  [243] 2012 USA ✓ ✓   ✓   ✓ ✓                 ✓       

Bhat  [256] 2017 Canada ✓ ✓   ✓   ✓ ✓                 ✓       

Ozogul & 

Ergen 
 [257] 2024 Greece ✓   ✓ ✓     ✓                         

Panahi et 

al.  
 [258] 2023 USA ✓   ✓ ✓         ✓                     

Mao et al.   [259] 2007 USA ✓     ✓     ✓                         

Kim et al.   [248] 2022 USA ✓ ✓   ✓   ✓ ✓                   ✓     

Adamtey  [260] 2021 USA   ✓   ✓   ✓ ✓                 ✓ ✓     

Aibinu et al.   [261] 2020 Australia ✓ ✓   ✓                       ✓     ✓ 

Ibrahim et 

al. 
[262] 2020 USA ✓     ✓     ✓                 ✓ ✓     

Das et al. [244] 2022 China ✓       ✓   ✓         ✓ ✓             

Pradeep et 

al. 
[245] 2021 

New 

Zealand 
✓       ✓   ✓                         

Golzarpoor 

et al. 

[24, 

169] 

2016 

2018 
Canada ✓       ✓   ✓         ✓ ✓ ✓       ✓   

Papajohn & 

El Asmar 
[247] 2020 USA ✓ ✓     ✓ ✓ ✓   ✓       ✓   ✓ ✓       

Mohamed et 

al. 
[246] 1999 England ✓     ✓ ✓ ✓ ✓   ✓       ✓   ✓ ✓ ✓   ✓ 

Kouhestani 

& Nik-Bakht 
[253] 2020 Canada       ✓ ✓ ✓ ✓ ✓     ✓ ✓ ✓ ✓   ✓   ✓ ✓ 

Pan and 

Zhang 
[90] 2021 SGP       ✓ ✓ ✓ ✓ ✓     ✓   ✓ ✓   ✓   ✓ ✓ 

Wang et al. [263] 2024 China   ✓   ✓ ✓ ✓ ✓ ✓     ✓ ✓ ✓ ✓   ✓   ✓   

Martinez & 

Nik-Bakht  

(This Study) 

 2025 Canada ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓   ✓ ✓ ✓ ✓ ✓   ✓ ✓ ✓ ✓ 

(RFI) RFI related; (CPA) comparative project analysis; (TM) text mining related; (DO) data-oriented; (PRO) process-

oriented; (PER) performance-based; (DEA) descriptive analytics; (DIA) diagnostic analytics; (PDA) predictive 

analytics; (PSA) prescriptive analytics; (PRM) process mining-based; (E2E) E2E process model; (AS) as-planned 

model; (AT) actual model; (TB) to-be model; (T) time perspective; (C) cost perspective; (CF) control-flow 

perspective; (O) organizational perspective; (USA) United States of America; and (SGP) Singapore. 

With regard to other early efforts on the implementation of process mining in the 
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construction domain [26, 35], Pan and Zhang (2021) applied fuzzy and inductive process mining 

algorithms to discover the actual process flow related to the execution of architectural and 

structural works and analyzed it from an organizational perspective, that is, for instance, by 

examining workers’ workloads and bottlenecks, including the evaluation of team dynamics 

performance through various Social Network Analysis (SNA) metrics [90]. Moreover, Wang et al. 

(2024) proposed enhancing BIM-based digital twins of highway projects by integrating process-

oriented insights derived from process mining discovery algorithms. They quantitatively analyzed 

the actual performance of different civil and structural work process variants for each construction 

project in terms of frequencies and time durations and compared the ‘as-planned’ against the actual 

or ‘as-happened’ performance of these construction processes[263]. 

As a result of an exhaustive literature review [26], including the studies discussed in this 

section, it is worth noting that no studies were found in the existing body of knowledge that provide 

a systematic approach tailored to the construction domain for implementing process mining 

technology enriched with lean-based metrics to automatically extract and quantitatively assess the 

E2E process performance. This gap, particularly the lack of a domain-specific quantitative method 

to support the evaluation of business operations’ agility in construction projects. This is what this 

study aims to address. Table 6-2 and Table S10 present an overview of the existing related 

literature alongside this study’s main characteristics, highlighting the additional aspects and 

components addressed by this study that have not been covered in previous research. 

Process Understanding – RFI Process Description: The operational significance of the 

RFI process across all project lifecycle phases for successful project delivery has been reported in 

prior studies [26, 46, 242], In this context, this step consisted of establishing a reference 

understanding of the RFI process based on recommended best practices documented in the 

literature [24, 243] and on an “as-planned” RFI process model adopted by large general 

contractors, informed by aggregated expert input [46]. This reference model (see Figure 6-4) 

mapped the required inter-organizational RFI management procedures involving the GC, 

including stakeholder role interactions across organizations, project settings, information delivery 

mechanisms, and contractual arrangements. 
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Figure 6-4 presents the “as-planned” reference RFI management process model typically 

implemented by large contractors in North America [24, 46, 243]. In this model, RFIs are typically 

initiated by a Specialty Contractor (SC) or by the General Contractor (GC). The initiator 

formulates the RFI using a standardized template and records it in the CDE, where it may first be 

saved as a draft for internal review prior to formal submission. Depending on the initiator, the RFI 

is submitted from the SC to the GC or from the GC to the Owner Representative (OR), typically 

an architect or consulting specialist. Submission is automatically confirmed through system 

notifications. Upon receipt, the GC or OR verifies the RFI’s completeness, clarity, and 

applicability. Valid RFIs are assigned by the RFI manager to appropriate reviewers and distributed 

to relevant stakeholders according to discipline and subject. When escalation is unnecessary, the 

GC or OR reviews and responds directly to the SC or GC. Otherwise, the RFI is reassigned to the 

appropriate reviewer before a response is issued. Accepted responses typically lead to RFI closure, 

although in some cases they may trigger the initiation of a change order request process. If the 

response is rejected or unclear, the initiator reformulates and resubmits the RFI, restarting the 

review cycle. RFIs closed unintentionally may be reopened to resume the process if required. 

In practice, multiple process variations may occur relative to the reference RFI process 

described above (see Figure 6-4). Such deviations can significantly affect process performance, 

disrupt project operations, and potentially lead to schedule delays and cost overruns. It is also 

important to note that RFIs may arise during any phase of the construction project lifecycle, as 

illustrated in Figure 6-3. Accordingly, quantitative assessment of RFI process performance is 

essential to enable timely process control interventions when suboptimal performance is detected. 
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Figure 6-4. “As-planned” RFI management process: baseline workflow activities highlighted in dark gray. 

6.2.1.2. Module 2 (M2): Process Mining use case development and scope definition 

This section presents the development of the RFI management process mining use case in line with 

section 5.4.1.2. As depicted in Figure 6-5, the use case design consists of three major components: 

(i) the construction PMIS module supporting the execution of the RFI management process; (ii) 

the ETL processing component corresponding to data extraction, transformation, integration, and 

event log generation; and (iii) the process mining component.  

The first component provides a high-level view on the construction organization’s 

technological landscape related to the information management of RFI operations data of the GC’s 

project portfolio; in this case the GC uses Procore as the main PMIS. More specifically,  Figure 

6-5 illustrates the three main Procore submodules that support RFI management: the Project 

Management submodule, and two interrelated submodules, Financial Management, which 

integrates contractual data from Oracle NetSuite [200], and Workforce Management, which 
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utilizes the Field Productivity application via Procore Mobile. Additionally, the specific Procore 

tools used to execute the RFI process within these submodules are identified. Finally, the roles of 

project stakeholders interacting with these tools and module components are also mapped. All 

these aspects represent the identified HMI related to the RFI process, primarily derived from the 

task mining analysis of Procore user activity presented in Figure 6-1.  

The second and third components, illustrated in Figure 6-5, form the backbone of the 

LPMM method proposed in this study; therefore, they are discussed in more detail in the following 

subsections. However, all in all, the second component primarily focuses on event log generation 

in accordance with the XES international standard, while the third component centers on 

leveraging process mining techniques for automated reconstruction or extraction of actual RFI 

process executions from event logs, PHM from multiple analytical perspectives, and dynamic 

performance reporting based on quantitative assessment. 

 

Figure 6-5. RFI management process mining use case 

6.2.1.3. Module 3 (M3): Process event log generator 

The generation of process event logs is not a trivial task and it normally requires to transform raw 

systems’ data into a well-defined process-aware structures [232, 233]. This task can take up to 

80% of the process mining implementation efforts [76, 103]. To ensure robust implementation of 

the proposed LPMM method, it is necessary to produce well-structured process event logs, 

meaning that these event logs must be machine-readable with proper syntax and semantics.  

Therefore, most construction organizations lack a systematic approach to evolve their data-driven 
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technology landscape into an architecture that integrates core business process awareness, thereby 

enabling the automated execution of this task. 

In this case, RFI management operations data was extracted from the GC’s Procore web 

instance using the developed extractor Figure 5-3, as described in Section 5.4.1.3. As shown in 

Figure 5-3, this algorithm uses HTTP REST API method and the developed Procore data 

connection app to enable the RFI data extraction.  

 

Figure 6-6. API-based RFI data extraction from Procore construction management platform using 

Postman. 

To demonstrate the outcome of Figure 5-3, Figure 6-6 displays an actual example of RFI 

data extraction for one of the GC’s major commercial construction projects. It is worth noting that, 

in order to feed the next algorithm that transforms raw system data into process event logs, specific 

data attributes are required. These include, among others: the RFI instance identifier, process 

lifecycle timestamps, RFI status, assignees, reviewers, project stakeholders’ roles, RFI subject, 

and questions. Such attributes are essential for constructing robust event logs, as they provide the 

necessary contextual information about the HMI. For instance, they indicate what RFI-related 

actions are being executed in the system, when they occur, what information the RFI contains, and 

who performs these actions. This data can be retrieved as historical records or in near real time, 

depending on the data flow configuration or pipeline schedule.  

All extracted data required to construct the event logs is then stored in a relational SQL 

Server database. The underlying relational schema related to RFI management is illustrated in the 

ERD shown in Figure 6-2. Accordingly, enabling process awareness requires the transformation 
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of this SQL data structure into an event log format. To achieve this, the derived transformer Figure 

5-4 was applied to convert the SQL data records into process-aware event logs, in line with the 

approach in [207]. Figure 6-7 shows an example of the constructed event log for the RFI 

management process of a major commercial construction project, after applying this 

transformation. 

 

Figure 6-7. Excerpt of an RFI management event log in CSV tabular format. 

As a result of the comprehensive literature review presented in Chapter 3. , it was observed 

that, to date, no process mining–based studies have analyzed the actual performance of the RFI 

management process in real-world construction projects, particularly including the cost dimension 

from a process-oriented perspective. Therefore, a third algorithm, Figure 5-5, was developed in 

this study with a twofold purpose: (i) to add the cost dimension to the constructed RFI event logs 

as shown in Figure 6-8 ; and (ii) to serialize these process event logs into an XSD machine-readable 

structure to ensure their quality and conformance with the international XES event log standard 

[207].  The cost of each RFI event was calculated based on the base hourly pay rate of each project 

stakeholder role involved in performing the RFI tasks, multiplied by the service task time durations 
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computed from the actual logged timestamps. It is important to note that process task durations 

were computed using the standard Québec working calendar for 2026. Adherence to the XES 

standard ensured consistent timestamp formatting based on ISO 8601 [91, 126], enabled the 

incorporation of domain-specific extensions, and supported the generation of a well-structured 

event log. The cost dimension was incorporated using XESame [114] and PM4Py [98], while RFI-

sensitive content was anonymized to preserve stakeholder confidentiality. 

 

Figure 6-8. Excerpt of an RFI management event log in XES format enriched with cost dimension. 

6.2.2. Process discovery and performance assessment – Level 4 (L4) 

The systematic approach presented in Section 5.4.1 for the automated extraction of RFI operations 

data and event log generation was applied to the 71 selected construction projects and their 5,564 

RFIs. Most construction organizations are project-driven by nature. While this is not necessarily a 

drawback, a major downside is the lack of visibility into the actual performance of core business 

processes that must be executed efficiently to deliver successful projects to clients, specifically on 

time and within budget. To address this limitation, a comprehensive quantitative performance 

assessment of the RFI management process was conducted across the 71 selected projects. From 

this analysis, a high-level insight into the overall health of the RFI process was extracted to support 

automated performance monitoring (i.e., PHM) within the GC’s project portfolio. For this purpose, 

the weighted average process efficiencies in terms of time (WAPE) and cost (WACE) were 

calculated for each project using (Eq. 9) and (Eq. 10), respectively.  
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Figure 6-9. RFI process performance monitoring across project portfolio – process time-based efficiency 

(see interactive chart here) 

Figure 6-9 provides an aggregated perspective of the RFI management process efficiency 

across the GC’s project portfolio. Projects in the first quadrant (Q1) exhibit cost and time efficiency 

in managing RFIs. The second quadrant (Q2) represents projects with high-cost efficiency in RFI 

processing but low time efficiency. Projects in the third quadrant (Q3) showed relatively high time 

efficiency but low-cost efficiency. In contrast, the fourth quadrant (Q4) includes projects with poor 

efficiency in both cost and time. The time-based and cost-based process efficiency equations, (Eq. 

9) and (Eq. 10), were introduced in Section 5.4.2.2. It is important to note that to compute the 

overall time-based process efficiency of each project, Lean-based metrics, i.e., cycle times, were 

computed for each of the actual RFI process instances executed within each project. Moreover, for 

the cost-based process efficiency computation, the cost threshold RFI was set to $2,500 USD based 

on the average cost of dominant (i.e., most frequent) process variants, which is within the ranges 

https://brilliant-crisp-df6adf.netlify.app/
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reported in the literature to date [227, 264]. However, this cost threshold can be defined by 

construction organizations according to their defined cost control strategies to be implemented to 

their core business processes. 

To demonstrate the application of Modules M4 and M5 of the LPPM framework (see 

Figure 5-1) at the process level, and to identify performance issues in the execution of the RFI 

management process while exploring their potential root causes, a large commercial construction 

project was selected for further quantitative analysis. This project exhibited a high volume of RFIs 

and suboptimal performance, based on its computed WAPE = 0.33 and WACE = 0.24 process 

efficiency metrics within the project portfolio (see ProjectID = P044 in Figure 6-9). The selected 

project has an estimated value of $50 million USD under a cost-plus fixed fee contract 

arrangement. 

6.2.2.1. Module 4 (M4): Process model discovery/extraction 

One of the main applications of process mining is automated process model discovery. This task 

involves the extraction of actual process executions from event logs. In this study, the event log 

for the RFI management process of the selected commercial project (P044) was constructed in 

accordance with the XES standard [207] , as detailed in Section 5.4.1.3. The final event log 

consisted of 260 RFIs with a total of 1,660 recorded events. To enable the automated extraction of 

the RFI management process model for P044, two main process discovery techniques were 

adopted due to their reported benefits [126]. The Fuzzy Miner algorithm, described in Section 

2.2.5, was applied to the constructed XES event log, as defined in (Eq. 4). This technique is widely 

used by process mining practitioners due to its simplicity and ease of interpretation. In addition to 

helping derive the RFI management process model, it provides a user-friendly representation as a 

DFG, which filters out less significant and weakly correlated events. Figure 6-10 shows the 

dominant E2E RFI management process model derived using Fuzzy Miner algorithm.  The model 

was abstracted following Pareto principle, including only the top 20% of dominant process 

variants, which account for 80% of actual process executions. As highlighted in the callout, 67 

RFIs were created by the SC, while 193 were issued directly by the GC and then officially assigned 

by the GC manager to an OR for review. Nine RFIs involved three rounds of back-and-forth 

communication, five others had four rounds, and 74 RFIs required escalations to multiple OR 

reviewers (nearly 30% of all issued RFIs). 
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Figure 6-10.  'As-happened' RFI management process model derived with Fuzzy Miner. 

Despite its benefits, the Fuzzy Miner algorithm is prone to produce unsound process 

models by either allowing extra unobserved behavior (divergence) or oversimplifying the process 

(convergence), potentially leading to misleading interpretations [91, 265]. Therefore, to ensure 

process model soundness as described in Section 2.2.5, the Inductive Miner algorithm was applied 

to the RFI management event log of the same project P044. A process tree with formal constructs 

was automatically derived as per (Eq. 5). As highlighted in the callout of Figure 6-11, RFI loops 

are represented in the derived process tree as a series of back-and-forth communication. That is, a 

single RFI can involve one or multiple reviews and follow-ups by different parties involved in the 

RFIs. In this case, the process is represented using sequential and exclusive choice relational 

constructs between activities, which also display their actual mean durations. For example, RFIs 

that require escalation to multiple OR reviewers (i.e., when an OR forwards the RFI to another 

OR) often involve one to three additional rounds of communication, thereby increasing their 

activity durations (i.e., darker blues) and the overall process lead time, as shown in Figure 6-11. 
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Figure 6-11. Automated extraction of RFI process model tree through Inductive Miner. 

From a control-flow perspective, automated conformance checking was conducted using 

the Inductive Visual Miner and PM4Py to both visually and quantitatively assess the accuracy and 

quality of the derived dominant process model against the full RFI event log of project P044. The 

model demonstrated its best performance (i.e., its ability to represent reality) when 35% of 

infrequent process variants were filtered out. Model performance was assessed based on fitness 

and precision, as defined in (Eq. 7) and (Eq. 8). 
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Figure 6-12. Automated process model conformance checking                                                                                         

Inductive visual Miner – Discovered dominant process model vs. RFI event log in P044 
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The assessment results are presented in Table 6-3 with a fitness value of 0.958, a precision 

of 0.761, and an F-score of 0.845, supporting the validity of the process model discovered. Callout 

1 (C1) highlights the synchronous moves or full alignments, between the event log and the process 

model. The self-arcs in Callout 2 (C2) suggest either rework or additional loops present in the 

event log but not represented in the model. The circumventing arc in Callout 3 (C3) indicates 

deviations or skips where 12 out of 14 incoming RFIs were closed immediately after completing 

loop 3, while the remaining two required three additional rounds of reviews and replies as depicted 

in Figure 6-12. 

Table 6-3. Process Model Discovery - Validation Results 

Validation Metric Value Description 

Synchronous moves 209 C1: Conformant activities and edges between process model and event log 

Log Moves 39 C2: Rework or extra review loops (i.e., seen in the log but not in the model) 

Model moves 12 C3: Skipped Activities (i.e., expected by the model but not seen in the log) 

Fitness 0.958 ≈ 1 model represents reality  

Precision 0.761 ≈ 0.8 model is neither too general nor too specific  

F-score 0.845 Harmonic mean (i.e., > 0.8 robust valid model) 

 

6.2.2.2. Module 5 (M5): Process Performance Assessment 

Most business process improvement initiatives and process-oriented research in the construction 

domain, despite focusing on re-engineering, optimization, or automation, tend to overlook the 

essential prerequisites of discovering real-world E2E RFI process executions and quantitatively 

assessing their performance to identify and diagnose key inefficiencies. Without fulfilling these 

prerequisites, decision-making remains intuitive, judgment-based, and disconnected from factful 

insights. To address this aspect, the proposed PHM framework focuses on the automated 

quantitative performance assessment of the RFI process, leveraging the LPMM to uncover actual 

operational behavior and team dynamics, thereby enabling more targeted, evidence-based, and 

effective improvements. The RFI process assessment encompasses four core dimensions: time, 

cost, control-flow, and organizational perspectives. 

Time perspective – First, time-oriented bottlenecks were identified from the automatically 

derived process model that captures the actual E2E RFI workflow executions for P044. These 
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bottlenecks correspond to the activities and paths with the longest durations observed during RFI 

process execution for P044 as shown in Figure 6-13. For instance, the figure shows that the longest 

path between process activities occurs when RFIs are forwarded by the GC or by an OR to 

additional reviewers. This pattern occurred 74 times, with a batching subset of 21 RFIs taking an 

average of eight days solely for the forwarding step. Additionally, 13 RFIs experienced prolonged 

initial reply activity exceeding seven days by either the GC or the OR, which was followed by 

forwarding the RFIs to additional OR(s), resulting in multiple back-and-forth communications 

(i.e., loops 3, 5, and 8). Additionally, 41 RFIs experienced long waiting times of more than five 

days for the SC or GC to respond back to the OR with the necessary follow-ups. 

 

Figure 6-13. Automated identification of time-oriented bottlenecks in the RFI process. 

To address the descriptive time-related questions outlined in Table 5-1, a cross-case 

analysis was conducted by comparing project P044, which exhibited suboptimal RFI performance, 

with project P063 (see Figure 6-9), which showed better RFI process efficiency. Both projects are 
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commercial office buildings following a DBB delivery system, involving the same cost-plus fixed 

fee contract, and both are currently in the construction phase. However, they differ in terms of 

ownership and project size: P044 is developed by a technology-based client with an estimated 

project value of $50 Million USD., whereas P063 is managed by an insurance-based client with 

an estimated project value of $12 Million USD.  

 

Figure 6-14. Cross-case analysis: time-oriented perspective of RFI process executions. 

The following key findings can be observed in Figure 6-14 which presents the results of 

the overall comparative analysis.: (a) The RFI case arrival rate for both projects ranged between 

one and three RFIs per week; however, the line chart for P044 is skewed to the right, while that of 

P063 is skewed to the left, suggesting that RFI issues in P063 were raised more promptly and 

proactively from the outset of the construction phase; (b) The Work-In-Progress (WIP) analysis 

indicates that project stakeholders in P063 were able to address, resolve, and close RFIs more 

efficiently than those in P044; (c) The average resolution time per RFI was 13.63 days for P044 

and 12.4 days for P063; (d) Although the total number of RFIs in P044 is double than that of P063, 

when adjusted for project size in terms of contract value, P044 received 5 RFIs per US$1 million, 

whereas P063 received 11 RFIs per US$1 million. Despite receiving more RFIs per unit cost, P063 

resolved approximately 40.3% of RFIs within the 7-day due date, compared to 39.2% for P044 
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(see green bars in chart d). Last but not least, a greater number of RFIs in P044 experienced longer 

delays, i.e., late RFIs, than those in P063 (see yellow, orange, and red bars in chart d). 

Cost perspective – To illustrate the process assessment from a cost perspective within the 

main case study project (P044), we automatically derived the dominant RFI process model at a 65 

percent level of abstraction by excluding 35 percent of infrequent behavior. Similarly, construction 

organizations can derive their own accepted benchmark RFI process models and set cost thresholds 

aligned with their operational goals. This reference model is then compared against actual RFI 

process executions at an 85 percent level of abstraction, where frequency constraints are relaxed 

to identify cost overruns resulting from deviations from the ideal RFI process execution. 

 

Figure 6-15. Automated Cost Conformance Checking of RFI Process in P044. 

From Figure 6-15, it can be observed that: (a) the reference model presents each RFI 

process activity along with its concurred cost, reflecting the number of RFIs that pass through each 

activity; and (b) two additional loops (Loops 3 and 4) reveal undesirable extended RFI reviews, 

along with the corresponding delta average costs when compared to the benchmark model. The 

costs of the ‘review’ activity were assumed to be equally distributed based on the number of 

required RFI communication follow-ups and their computed durations across the process timeline. 
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For example, the cumulative cost for loop 3, involving four review follow-ups in a single RFI 

process trace execution, reached $7,300.00 USD. Similarly, in loop 4, with five review follow-

ups, the total cumulative cost was $7,218.66 USD per RFI. In both cases, the cost is nearly three 

times higher than the maximum expected threshold of $2,500 USD per RFI. This suggests that, in 

loop 3, the same budget could have covered the review of approximately 27 RFIs instead of just 

nine, if the review process variation and duration had been better controlled. Likewise, in Loop 4, 

the same amount could have supported the review of 15 RFIs instead of just five or could have 

generated nearly $70,000 USD in savings by better controlling the RFI process variations 

associated with non-conformant Loops 3 and 4. 

Control-flow perspective – Gaining visibility into the actual variability of core business 

process executions is essential for assessing, monitoring and controlling their performance. In this 

vein, a cross-case process variant analysis was carried out to compare the RFI process variations 

in project P044 with those in project P063. A process variant is a unique trace found in the 

constructed event logs (i.e., a distinct sequence of event activities). These variations often emerge 

due to factors such as the technical complexity of the RFI inquiry, the clarity of the questions 

posed, staffing availability, resource capacity, and the misrouting of RFIs due to an unclear 

definition of reviewer authorities, among other contributing aspects. Figure 6-16 shows the ‘as-

happened’ RFI process execution variations for both commercial building projects, i.e., P044 and 

P063, which were automatically extracted from their corresponding event logs. As shown in Figure 

6-16, P044 exhibited greater variability in the execution of the RFI management process than 

P063, with 28 variants compared to 19, respectively. 
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Figure 6-16. Cross-case variant analysis: ‘As-Happened’ RFI Executions. Common variants (CV-A, CV-

B,CV-C); variants with high average durations (VHAD); longest variant (LV). 

Ideally, the GC, who manages both projects, aims at resolving and closing any RFI within 

seven days once the RFI is received and initiated, while its maximum defined deadline is fourteen 

days. Considering this aspect, on the one hand,  Figure 6-16 and Figure 6-17 shows the common 

variants whose RFIs followed the similar E2E execution sequences in both projects, namely CVA, 

CVB, and CVC. In addition, the most frequent variants for each project are also highlighted, 

specifically the first eleven for P044 and the first six for P063. Although, on average, both types 

of variants were resolved within the maximum threshold defined by the GC, several RFIs 

following these variants still experienced delays, with process lead times exceeding 14 days as 

shown in Figure 6-14.  
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Figure 6-17. Cross-case variant performance analysis : As-Happened’ RFI Executions. Common Variants 

(CV-A,CV-B,CV-C); Variants with high average durations (VHAD); Longest variant (LV). 

On the other hand, the longest variants (LV), as well as those with high average durations, 

were also identified in both figures. For instance, in P044, variant 22 required 14 process activities, 

whereas in P063, variant 15 involved 10 steps. Both with multiple loops of back-and-forth 

communications. In addition, process variant 18 in P044 and variants 9 and 16 in P063 exhibited 

high average durations. This second type of variation, although less frequent, resulted in significant 

time and cost overruns. From a quantitative standpoint, considering maximum thresholds of 14 

days for time and $2,500 USD for target cost, the infrequent variants, excluding those whose RFIs 

were never answered (i.e., variant 28 in P044 and variants 7 and 19 in P063), account for a 

cumulative time overrun of approximately 7.4 months of delayed RFIs for P044 and one month 

for P063.  

Moreover, potential savings of approximately $87.9 K USD for P044 and $22.2 K USD 
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for P063 could have been realized if the RFI process executions within these infrequent variants 

had been better controlled to remain within the established thresholds. This could be achieved not 

only by reducing the number of process variations, but also by implementing targeted process 

improvements, such as clearly defining reviewer authorities to avoid unnecessary activities like 

multiple forwards to multiple reviewers (e.g., the “OR forwards RFI to OR” activity shown in 

Figure 6-16). These undesired activities are among the bottlenecks identified in Figure 6-13, which 

have substantial adverse impacts on time,  cost, and efficiency, potentially incurring additional 

sanction fees for delayed RFIs, if such penalties are contractually stipulated between the involved 

stakeholders. 

 

Figure 6-18. Non-conformant 'As-happened’ E2E RFI process model execution of variant #16 in P063. 

As shown in Figure 6-18, variant #16 from P063 is a non-conformant RFI process 

execution that exceeds the GC’s maximum time and cost thresholds of 14 days and $2,500 USD, 

respectively. This execution suffers from various bottlenecks in the review process with multiple 

back-and-forth communication loops. More specifically, the second loop in variant #16 means that 

two additional review follow-ups occurred after the first reviewer’s response, only then, when 

neither the GC nor the OR have any further requirements and the SC has accepted the given 
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response, does the GC proceed to close the RFI. These aspects result in significant time overruns 

and in additional costs being incurred, as depicted in Figure 6-18. 

 

Figure 6-19. Bigram analysis of RFIs following non-conformant process variants in P063. 

A Term Frequency–Inverse Document Frequency (TF–IDF) analysis, a text mining 

technique, was applied to identify the most frequent and distinctive bigrams within the content of 

each of the three RFIs associated with impactful variant executions in P063. To provide broader 

context, the actual execution of RFI (ID 16142714), which followed variant #16 (see Figure 6-18),  

was originated by the mechanical SC who observed on site that several sections of air ventilation 

ducts across multiple floors were not insulated, as the design drawings indicated no insulation for 

those sections. On 6 March 2023, the SC field engineer submitted a formal RFI to the consultant 

OR, requesting confirmation on whether these sections should remain uninsulated or be added to 

the scope. Eight days later, the first response from OR1 (architectural consultant) confirmed that 

the drawings showed no insulation but referred the RFI issue to both the facility manager (FM) 

and the mechanical engineering consultant. Nine days after this, the OR2 (FM) advised that those 

specific sections were unlikely to sweat and could remain uninsulated but deferred the “final 

decision” to the mechanical consultant (OR3), citing it as a “client preference.” Sixteen days after 

the first response, OR3 instructed the SC to insulate the identified sections on all floors to comply 

with city code. In total, the decision took more than 24 days, disrupting and delaying on-site work 

as well as incurring additional RFI management costs. Similarly, the textual context for each of 

the three less frequent yet impactful RFI variants is reflected in the identified bigrams shown in  

Figure 6-19. 
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Figure 6-20. Performance Spectrum Analysis: Batching and Drift Patterns Detection P063. 

Control-flow perspective – Figure 6-20 shows the application of the process performance 

spectrum technique [224, 238] to automatically detect main process drifts and batching points over 

time. In this approach, each RFI following execution variant #2 within P063 is plotted in the chart. 

Each line represents a single RFI, traced from creation at the top, through all intermediate 

activities, to closure at the bottom, while the horizontal (x) axis indicates the period during which 

the RFI was processed. In this case, the RFI submission from the SC, the RFI creation by the GC, 

and the RFI reviews by the OR are the main activities that tend to result in longer process delays. 
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RFIs following variant #2 are always initiated by the SC, often derived from a field observation or 

correspondence in Procore or by email communication. The RFI draft creation involves identifying 

the issue and drafting the request, after which it is submitted to the GC’s RFI manager for 

validation and official creation in Procore. The first major batching point appears between March 

12 and April 2, 2023, when most RFIs, arriving in the project’s early phase (see Figure 6-14), were 

queued until the GC created the official drafts in Procore. This batching period also affected review 

durations, contributing to a clear temporary drift in RFI reviews between March 12 and May 14, 

2023.  For instance, the RFI 16200783 whose content was simply requesting the OR confirmation 

about the wall partition finish was less impacted by this batching when compared to the RFI 

16232361 which was requesting confirmation about the high for lighting fixtures as it was not 

specified on the Issued for Construction drawings.  

However, batching was not the only factor influencing review durations; other aspects also 

played a significant role. For example, RFI 16793852, which was outside the batching period, was 

affected by two main factors. First, it was technically complex, as on-site conditions on the 15th 

floor and the number and use of various equipment required a rearrangement of the electrical loads 

supplied by the panels. Second, this RFI, submitted by the SC to the GC’s specialist on May 17, 

did not receive a reply, possibly due to staff unavailability or unclear reviewer and approval 

authorities. Due to its urgency, on May 24, the SC submitted a second RFI with the same question. 

This second RFI was forwarded to the electrical engineering consultant, who provided a response 

18 days later, detailing the new electrical load distribution. Based on this response, the GC issued 

an official reply for both RFIs, instructing the SC to follow the OR’s directions and subsequently 

closed them. 

Organizational perspective – Construction projects, by nature, demand the continuous 

involvement of various multidisciplinary teams, whose close collaboration requires constant, 

effective communication and frequent information exchanges among stakeholders through the 

entire project lifecycle to ensure successful execution and delivery. In this regard, a well-defined 

RFI management process, with clear identification of the different parties involved in its execution, 

is of paramount importance for enabling and guiding this collaboration in a structured and efficient 

manner.  
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Figure 6-21. Work exchanges by stakeholder role in the RFI process, highlighting duration and frequency 

In this context, the event logs described in Section 5.4.1.3 were enriched with the 

stakeholders’ roles, aligned with their multidisciplinary functions in the GC’s projects to analyze 

the inter-organizational team dynamics within the actual RFI process executions. Figure 6-21 

shows the mining results considering this role perspective, representing the work, communication, 

and information exchanges among the stakeholders related to the execution of the RFI process in 

P044. The figure highlights performance in terms of the maximum duration of RFIs handled by 

specific project roles, as well as the frequency count of RFIs exchanged among these roles. It can 

be noted that the GC’s Assistant Project Manager (ID = 8771117) carries the heaviest workload, 

handling approximately 76% of the RFIs (198) routed through this role, whereas another Assistant 

PM and the Project Coordinator are involved in only 96 and 49 cases, respectively. Furthermore, 

specific OR reviewers such as the Architect, the Mechanical Engineer, and the OR Consultants 

account for some of the longest durations in reviewing RFIs and providing responses to the GC. 

This does not necessarily imply inefficiency on the part of the role itself, but it does raise a warning 

about ineffective communication in the resolution process, such as multiple forwarding and back-

and-forth exchanges. These factors affect the overall efficiency of the RFI process. 
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To further evaluate these team dynamics quantitatively, a social network analysis (SNA) 

was conducted based on the constructed RFI process event log for project P044. Three main social 

networks were derived based on [231] to identify the topological patterns of stakeholder 

interactions during the execution of the RFI process. These sociograms are represented as 

interconnected networks of actors, where each node corresponds to a stakeholder role participating 

in the RFI process, and the edges connecting the nodes represent different types of interactions or 

relationship patterns. The handover-of-work network was constructed by identifying directly-

follows relationships, where one role’s activity is immediately followed by another’s, indicating 

causal dependency and transfer of work. The subcontracting network was derived by detecting 

dependency-chain patterns in which certain roles perform ‘in-between’ RFI activities that enable 

another actor to continue the process. The working-together network was generated by identifying 

co-occurrence patterns where two roles collaborate in the same RFI, regardless of temporal 

sequence or order dependency.  

Table 6-4 presents the performance results of the three derived social networks as well as 

their main SNA metrics derived and calculated using PM4PY based on the approaches reported in 

previous studies [36, 90, 229]. First, the handover-of-work network and its computed metrics 

revealed 596 handovers among 16 roles (nodes) via 44 directed ties. The average weighted degree 

≈ 82 handovers per role and the average unweighted degree ≈ 6 role-to-role interactions indicate 

high traffic with frequent back-and-forth (“ping-pong”) exchanges. Consider, for instance, the 24 

handovers between the OR Reviewer (ID 8359020) and the Architect. Moreover, density ≈ 0.183 

reflects selective connectivity, neither highly dense nor siloed. The diameter is 4, so the longest 

shortest E2E RFI route requires four handovers. Four role clusters are observed (GC, SCs, 

specialty consultants, and ORs); however, modularity is low (Q ≈ 0.01), indicating both sparse 

community structure and multidisciplinary collaboration, which entails higher coordination 

overhead. In general, node size indicates each role’s handover degree, edge width indicates the 

handover weight (traffic), and arrows show the direction of process flow. 
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Table 6-4. Quantitative SNA metrics of team dynamics in the RFI management process (P044) 

Network Discovered Organizational Network Performance Metrics Results 
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Number of Nodes: 16 

Number of Edges: 44 

Total Links: 596 

Average Degree: 82.125 

Network Density: 0.1833 

Network Diameter: 4 

Average Path Length: 1.8181 
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Number of Nodes: 17 

Number of Edges: 28 

Total Links: 394 

Average Degree: 46.3529 

Network Density: 0.1029 

Network Diameter: 3 

Average Path Length: 1.6904 

Number of Clusters: 4 

Modularity: 0.032 
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Number of Nodes: 20 

Number of Edges: 42 

Total Links: 664 

Average Degree: 66.4 

Network Density: 0.2210 

Network Diameter: 3 

Average Path Length: 1.9789 

Number of Clusters: 3 

Modularity: 0.0711 

 

Second, the subcontracting network comprises 17 roles linked by 28 directed ties, with 394 

detected subcontracting patterns in which an intermediary role mediates RFI activity between one 

https://dainty-babka-d1248e.netlify.app/
https://lucent-tartufo-343596.netlify.app/
https://jazzy-raindrop-49827a.netlify.app/
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other role or two other roles. Relative to the handover network, it is sparser (density ≈ 0.1029 vs 

0.1833), involves fewer role-to-role partners (avg unweighted degree ≈ 3.29 vs ≈ 6), and carries 

less traffic per role (avg weighted degree ≈ 46.35 vs ≈ 82). Paths are slightly shorter (average path 

length ≈ 1.6904; diameter 3 vs 1.8181 and 4), consistent with more streamlined, hierarchical 

exchanges over a limited set of channels. Four clusters are again present, and modularity remains 

low (Q ≈ 0.032, slightly higher than 0.01), indicating only modest structural separation with 

continued cross-role collaboration. As observed in the network, the Assistant PM on the GC side 

and the Architect OR consistently serve as in-between subcontracting intermediaries in the 

process. 

Third, the working-together network spans 20 roles and 42 ties with 664 co-presence links, 

showing the broadest participation and highest connectivity (density ≈ 0.221) compared with the 

other two networks. Collaboration traffic per role is significant (average weighted degree ≈ 66.4. 

Distances remain short (average path length ≈ 1.9789; diameter 3). Fewer clusters are present (3), 

and modularity is the highest of the three yet still low (Q ≈ 0.0711), indicating limited intra-group 

cohesion with sustained inter-group interaction. Multiple collaborations are observed between the 

PC and PM (90/70) and between the PM and the Architect OR (46). 

Each project role carries a distinct level of importance in RFI management; quantifying it 

is essential for identifying central, high-workload participants and planning resource allocation to 

streamline RFI execution. In this context, Figure 6-22 compares normalized PageRank, Hub, and 

Authority scores across the three RFI network layers, which were determined based on [90]. 

PageRank reflects how often a role is encountered when information moves through the network; 

high values indicate central, frequently visited roles. The OR RFI Reviewer (ID 8359020) shows 

the highest PageRank, especially in the working-together layer (≈0.85) and strongly in handover 

(≈0.60), indicating that most RFI episodes pass through this role. Hub (HITS hub) identifies 

dispatchers that point to authoritative deciders. The OR RFI Reviewer (8359020) and the GC 

Project Coordinator (ID 6200867) reach the top hub scores in handover and subcontracting 

(≈1.00), consistent with triage and routing functions. Authority (HITS authority) captures 

destinations that receive links from good hubs. The GC Assistant Project Manager (ID 8771117) 

holds the top authority scores (≈1.00 across layers), and the Architect (ID 1597042) is also 

prominent in working together (≈0.60), indicating frequent reliance on these roles for answers or 
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approvals. Overall, the pattern reveals a hub-to-authority backbone: RFI reviewers and 

coordinators route queries, while the GC assistant PM and Architect are common endpoints, which 

explain short paths but also highlight potential bottlenecks at these roles. 

 

Figure 6-22. RFI process participants ranked by role importance across each social network. 

6.2.3. Process-driven decision-making – Level 5 (L5) 

6.2.3.1. Module 6 (M6): Process Improvement Opportunities 

Actionable insights, in the form of prioritized recommendations for process improvement, were 

derived from the diagnostic results of the “as-happened” RFI process assessment conducted across 

the four-dimensional perspectives outlined in the previous sections. Table 6-5 presents the 

summary of the data-driven results from the RFI process analysis. This summary provides 

visibility and transparency into the qualitative and quantitative performance of the actual E2E 

execution of the RFI process, outlining the activities performed, their sequence and duration, key 

process variations and bottlenecks, the roles and resources involved, workload distribution, and 
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the root causes of delays, cost overruns, and efficiency losses. 

Based on these data-driven results, 42 targeted process improvement recommendations 

were derived, with at least 10 suggested improvements identified for each dimensional perspective 

summarized in Table 6-6. For instance, under the control-flow perspective, the actual E2E RFI 

workflow exhibited high process variation, which underscores the need for automated RFI routing 

strategies, such as classification by type and priority, to maintain process stability and ensure a 

standardized flow that can be consistently reused across projects. 

The derived process improvement recommendations were then prioritized from a 

construction business perspective using an impact–effort matrix as a decision-support tool broadly 

employed in process management to guide which initiatives should be implemented first to 

maximize value. The prioritization was informed by two dimensions: the relative level of 

implementation effort required for each action and the potential business value realized in terms 

of time and cost savings. This systematic evaluation not only facilitated the classification of 

recommendations into low-effort, high-impact interventions, medium-term actions, and long-term 

improvements, but also framed the prioritization primarily from a GC standpoint while remaining 

applicable to SC and OR parties involved in the RFI process.  
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Table 6-5. Data-driven aggregated results of “as-happened” RFI performance assessment via D2P method 
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Table 6-6. Actionable data-driven recommendations for RFI process improvement based on diagnostics. 
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Figure 6-23. Prioritized RFI process improvement recommendations derived from data-driven analysis. 

The prioritization presented in Figure 6-23 was performed using the following criteria. For 

the impact scale: minimal impact (addresses rare or low-frequency deviations), moderate impact 

(addresses mid-range bottlenecks), and high impact (addresses dominant process inefficiencies 

observed in frequent variants). For the effort scale: minimal effort (involving parameter 

adjustments and the establishment of target thresholds), medium effort (requiring new SOPs, 

limited training, and minor system customization), and high effort (entailing governance changes, 

redefinition of contract-level agreements, and AI-powered targeted automations). The discussion 

section of this study provides further details on these recommendations, with examples for each 

process perspective. 

6.2.3.2. Module 7 (M7): Continuous Process Performance Monitoring & Dynamic Reporting 

Although the implementation of the derived process improvement recommendations lies outside 

the scope of this study, successful continuous improvement requires periodic automated process 

performance monitoring with dynamic reporting. This ensures that the reengineering process 

remains targeted and action-oriented, rather than resulting in costly automation efforts that fail to 

deliver value when blindly undertaken without proper assessment, monitoring, and reporting. An 
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example of the dynamic performance monitoring reports that can be created and enriched for the 

RFI process of P044 is presented in Figure 6-24. This real-world dynamic process performance 

report was designed based on the designed operational process management canvas introduced in 

Section 3.5.1 to audit and monitor various operational aspects related to the RFI management. 

Such dynamic reports can be generated using process mining software [97, 102, 105, 266] 

following the implementation of the proposed process-aware LPMM methodology. They can be 

configured to reflect ‘as-happened,’ semi–real-time, or real-time analyses, depending on the 

established backend process-aware architecture and defined data pipelines. The report in Figure 

6-24 highlights the most frequent ‘as-happened’ process execution and presents various KPIs, 

including the number of RFIs, the total number of activities following the most common path 

(505), the total number of distinct process activities (75), the total number of RFI events (1660), 

the average RFI process lead time, detected deviations and their potential root causes, key 

variations, bottlenecks and violations with negative impacts, as well as the visual throughput time 

of organizational roles. 

 

Figure 6-24. Dynamic reporting on automated RFI process performance monitoring (P044) 
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6.3. Discussion 

In construction, significant emphasis is placed on ‘project’ controls to ensure delivery on time, 

within budget, and with managed risks. Yet, automated and data-driven ‘process’ control, along 

with PHM of real-world construction business operations remain largely unaddressed, leaving 

projects exposed to hidden risks of delays and cost overruns. In this vein, the proposed LPMM 

approach in this study seeks to bridge this gap by providing a systematic data-driven method to 

enable the automated extraction of a digital process model of the actual RFI management workflow 

executions, while enabling continuous assessment and dynamic monitoring of the RFI process 

performance through quantitative, automated, and comprehensive cross-case analysis across four 

essential perspectives. 

The control-flow analysis revealed that the ‘as-happened’ RFI process in P044 was highly 

fragmented, characterized by numerous variants (28) and detours (8 loops). The dominant process 

comprised 32 frequently executed activities out of 75, together with multiple back-and-forth loops 

that resulted in substantial delays of up to 61 days and additional rework. Deviations included 

skipped or unanswered RFIs and lengthy multi-stage reviews, particularly in variants with multiple 

forwarding and value-engineering (VE) decisions. These inefficiencies were amplified by 

excessive communication loops, batching practices, and the involvement of numerous approvers, 

which collectively formed major bottlenecks. To address these challenges, targeted and action-

oriented recommendations were derived from the data-driven process assessment and diagnosis. 

These include establishing thresholds for communication loops (i.e., < 4), defining clear routing 

protocols and decision-making criteria, prioritizing RFIs based on criticality and technicality, 

predefining reviewing authorities per RFI type, and automating rejection workflows for 

incomplete submissions. Additional measures such as frequent performance monitoring with 

alerts, orchestration of routing through AI agents, and stricter control of submission intervals are 

proposed to avoid batching periods, enhance transparency, streamline decision-making, and 

improve overall process performance. 

The time-oriented analysis unveiled various inefficiencies including prolonged lead times 

(> 3 weeks) influenced by infrequent executions, ping-pong communication patterns, batching 

practices, and process drifts during review stages. P044 presented a low weighted average RFI 
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process efficiency (0.33). In P044, RFI work peaks occurred in the middle and toward the end of 

the process, reflecting a reactive and corrective approach, whereas in P063, peaks occurred at the 

beginning, indicating a more proactive and preventive strategy. Comparative results showed that 

P063 was less reactive, with fewer extended reviews, shorter communication loops, and reduced 

process variations, leading to improved timeliness. To address these issues, the study recommends 

establishing SLA-based resolution deadlines tailored to RFI types, enabling early identification of 

RFIs requiring on-site verification, and implementing workload balancing and fast-track review 

workflows for critical RFIs. Additional measures include adopting the proposed LPMM 

methodology grounded in Lean and Agile metrics for continuous monitoring, forming task-force 

reviews with only essential parties, deploying automated alerts to detect deadline risks and activity 

drifts, and implementing smart reviewer assignments based on competency and workload. These 

actions aim to minimize time losses, enhance responsiveness, and improve the predictability of 

RFI process performance. 

The organizational analysis highlighted imbalances in resource allocation, accountability 

gaps, and workload concentration across specific RFI reviewers, particularly the Assistant PM GC 

(ID = 8771117), who emerged as a central but overloaded resource contributing to extended lead 

times. Discovered patterns of accountability “ping-pong” and multiple forwardings further 

fragmented responsibilities, while certain roles such as Architects, OR Reviewers, and Mechanical 

Engineers were consistently associated with prolonged reviews. To mitigate these inefficiencies, 

the recommended actions emphasize clarifying responsibilities through escalation protocols and 

Responsibility, Accountability, Consulted, and Informed (RACI) matrices established early in the 

project, delegating routine management activities to coordinators, and strengthening cross-

functional reviews for technical RFIs. Additional measures include automated monitoring of role 

workloads, predictive assignment of the most suitable reviewers, and dynamic role allocation 

based on availability, technical expertise, and backlog. The main goal from this perspective is to 

streamline accountability, balance workloads, and enhance organizational responsiveness in the 

RFI process. 

Finally, the cost-oriented assessment highlighted several inefficiencies, particularly in 

Project P044, which incurred higher costs and lower efficiency (WACE = 0.24) compared to 

Project P063 (WACE = 0.67). Redundant submissions, unclear role responsibilities, and excessive 
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review loops contributed to substantial cost overruns. Mitigation strategies under this perspective 

include tiered and escalated reviews, cost-sharing agreements, automated monitoring, AI-based 

duplicate detection, and standardized templates. These measures are intended to reduce accrued 

costs, increase overall efficiency, and enhance cost predictability and control across RFI process 

executions. For owners, these recommended actions provide greater oversight and help prevent 

the abusive use of RFIs, while for general contractors, they aim to increase productivity and 

minimize work disruptions through faster turnaround times. 

6.4. Concluding Remarks 

In contrast to existing approaches, the proposed systematic LPMM approach presented in this 

study introduces a novel, data-driven, quantitative method for the automated and dynamic 

assessment and monitoring of the actual execution performance of intra- and inter-organizational 

construction business processes within the bounds of the captured digital footprints. The proposed 

method was applied to real-world settings through the developed RFI process mining use case. 

The soundness of the automated RFI process model extraction module was verified using process 

model discovery metrics, which demonstrated satisfactory quality performance in terms of fitness 

(0.958), precision (0.761), and F1-score (0.845). Moreover, the proposed approach for dynamic, 

quantitative process performance assessment and monitoring was validated through a real-world 

cross-case analysis. This analysis comprised the automated discovery and quantitative 

performance evaluation of 5,564 E2E RFI process management executions across 71 actual 

construction projects, all of which were managed by a GC as the lead party appointed by its clients. 

The results indicate that the process efficiency of RFI management can improve by up to threefold 

through enhanced process control, generating cost savings of approximately $114,000 USD in a 

single large commercial project (P044). When extrapolated across project portfolios and their 

underlying inter-organizational processes, these improvements reveal substantial organization-

wide and industry-wide opportunities, underscoring the transformative impact of data-driven 

process improvement in enhancing resource allocation, strengthening operational control, and 

achieving scalable performance gains.  

This study advances the field of data-driven process management and control in 

construction projects, offering fact-based, actionable process-oriented insights for project 
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directors, project and innovation managers, project coordinators, and project controls specialists. 

The main contributions and benefits of the study are summarized as follows: 

(1) Full ETL+E Pipeline for Automated Process Event Log Generation – This entailed the 

algorithm development of (i) an extractor algorithm and automated python functions for the 

automated retrieval of project operations data from the Procore CDE powered by a 

configured API-based data connection application, (ii) a transformer algorithm that converts 

raw system data into a process event-log structure capturing the process context, and (iii) an 

enricher algorithm that integrates the cost dimension into the event logs, combined with an 

XES serializer and logger, thereby generating standard-compliant logs that enable robust 

process mining implementations and strengthen the corporate knowledge memory of 

construction organizations’ business operations. 

(2) Automated extraction of “as-happen” process models to support data-driven process 

performance assessment and process improvement in RFI and Construction Change Order 

management – This included (i) the development of the process mining-based use cases for 

these processes, (ii) the automated extraction of the ‘as-happened’ E2E process models, (iii) 

the quantitative assessment of process performance using real-world project operations data, 

comprising the RFI process efficiency evaluation at the GC’s portfolio level and cross-case 

analysis at the process level across four essential dimensions (time, cost, control-flow, and 

organizational) to detect main process performance inefficiencies, enhance resource 

allocation, reduce costs, and lower decision-making risks, (iv) dynamic Process Health 

Monitoring reporting to increase visibility and transparency of process performance, and (v) 

actionable process improvement recommendations for re-engineering, streamlining,  and 

enhancing these processes informed by fact-based performance diagnostics. 

These contributions, together with acknowledged limitations and future research 

directions, are consolidated and synthesized in Chapter 7. , in alignment with the overarching 

research objectives. 
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CHAPTER 7.  RESEARCH DISCUSSIONS  

To address the control-flow inefficiencies identified in Section 6.2.2.2 and summarized in Table 

6.5, several targeted interventions are recommended. These include establishing thresholds for 

communication loops (e.g., <4 iterations), defining clear routing protocols and decision criteria, 

prioritizing RFIs based on criticality and technical complexity, predefining reviewing authorities 

by RFI type, and automating rejection workflows for incomplete submissions. Additional 

measures include continuous performance monitoring with automated alerts, AI-assisted routing 

orchestration, and stricter control of submission intervals to prevent batching periods. Together, 

these actions aim to enhance transparency, streamline decision-making, and improve overall 

process performance. Further improvements under this perspective include implementing SLA-

based resolution deadlines tailored to RFI types, enabling early identification of RFIs requiring 

on-site verification, and deploying workload-balancing and fast-track review workflows for 

critical RFIs. Other recommended measures involve adopting the proposed D2P method for 

continuous data-driven diagnostic process performance monitoring, organizing focused task-force 

reviews involving only essential stakeholders, deploying automated alerts to detect deadline risks 

and process drifts, and implementing intelligent reviewer assignments based on competency and 

workload. Collectively, these actions aim to reduce delays, enhance responsiveness, and improve 

the predictability of RFI process performance. 

Recent work by Yilmaz et al. (2025) trained machine-learning models to predict RFI 

closure times using operational data from a large airport project [267]. Although their study 

demonstrated predictive capability, the E2E process explainability of the models remained limited, 

as the approach relied on an “as-planned” RFI process representation and lacked data-driven 

diagnostic analytics capable of revealing actual execution inefficiencies. In contrast, the present 

study analyzes the real “as-happened” process behavior derived from event logs. Some factors 

influencing RFI duration prediction were identified in [267], including technical complexity, RFI 

content types, and discipline-specific complexity, were also observed in our analysis. These factors 

are integrated and augmented with the evidence-based outcomes derived from the diagnostic 

performance analysis conducted in this study, thereby improving predictive model explainability 

and potentially enhancing prediction accuracy. Moreover, [267] recognized that RFI inefficiencies 



CHAPTER 7. RESEARCH DISCUSSIONS 

 

160 
 
 

propagate into downstream project control processes [26]. which aligns with the findings of the 

present study. A further distinction concerns observed RFI closure durations. In the two large 

commercial projects analyzed here (P044 and P063), the average RFI closure time remained within 

14 days, although some RFIs deviated significantly, reaching over 70 days in P044 and 45 days in 

P063. By contrast, the large-size airport project examined in [267] reported an overall average 

closure time of approximately 50 days. These differences highlight the influence of RFI technical 

complexity, RFI content types, and contextual project characteristics on resolution timelines. 

At the organizational level (see Section 6.2.2.2 and Table 6-5) mitigation strategies focus 

on clarifying responsibilities through escalation protocols and Responsibility-Accountability-

Consulted-Informed (RACI) matrices established early in the project lifecycle. Additional actions 

include delegating routine coordination tasks to dedicated project coordinators and strengthening 

cross-functional reviews for technically complex RFIs. Supporting measures include 

implementing standard operating procedures or integrated framework protocols as proposed by 

Golzarpoor et al. (2016) [24, 169], automated monitoring of role workloads, predictive assignment 

of appropriate reviewers, and dynamic role allocation based on availability, technical expertise, 

and backlog conditions. These measures aim to streamline accountability, balance workloads to 

avoid overloaded resources that create process bottlenecks [90] and improve inter-organizational 

responsiveness within the RFI process. 

From a cost-oriented perspective, mitigation strategies include tiered and escalated review 

structures, cost-sharing agreements, automated monitoring of RFI processing stages, AI-based 

detection of duplicate RFIs, and the use of standardized submission templates. These measures 

aim to reduce accrued costs, improve efficiency, and enhance cost predictability across RFI 

process executions. For owners, they strengthen oversight and reduce the potential misuse of RFIs, 

while for general contractors they mitigate productivity losses by minimizing fieldwork 

disruptions through faster review cycles. 

Despite the growing emphasis on process improvement and digital transformation in 

construction, many RFI process improvement initiatives [242, 243] tend to overlook the 

prerequisite of discovering and quantitatively analyzing the performance real-world E2E process 

executions to diagnose process inefficiencies. Without such evidence-based insights, process 
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improvement decisions remain largely intuitive and disconnected from real-world business 

operations. Existing studies within the AEC/FM literature provide useful cost-based benchmarks 

and industry best practices [53, 227, 243, 251, 264] but they are typically static and time-bound, 

limiting their ability to capture E2E execution-level, cost-based process variability and diagnose 

root causes of suboptimal performance in RFI management. 

The proposed LPMM-D2P method directly addresses several key challenges to process 

mining implementation identified by Zimmerman et al. (2024) by systematically bridging the gap 

between data-oriented project environments and process-aware analytical structures [268]. In 

particular, the method mitigates data extraction and integration limitations (C4, C6) through 

automated API-based extractors and a system-agnostic integration approach. Challenges related to 

data structure knowledge and transformation (C7, C8) are addressed through the formalized D2P 

transformation pipeline, which defines standardized event log schemas compliant with XES. Data 

quality and validation issues (C9, C10) are explicitly handled through structured preprocessing, 

enrichment, and validation steps within the pipeline. Furthermore, the method enhances domain 

understanding and question formulation (C1, C20) via the use of process-oriented use case 

definitions and expert-informed aggregated inputs through semi-structured interviews [46]. 

Finally, by enabling multi-perspective analysis and continuous process health monitoring, the 

approach supports improved analysis focus, interpretation, and decision-making, thereby reducing 

barriers associated with process mining adoption in complex construction project environments. 

The proposed LPMM–D2P method builds upon previously established process mining 

methodologies such as PM², but it differs fundamentally from them by explicitly addressing the 

data-to-process transformation challenge that is typically assumed rather than formalized. While 

PM² provides a generic lifecycle for conducting process mining analyses, it presumes the 

availability of well-structured event logs and offers limited guidance on extracting and 

transforming heterogeneous data from complex information systems. In contrast, the D2P method 

introduces a system-agnostic, automated pipeline for extracting, structuring, and enriching project 

data into process-aware event logs compliant with XES. Furthermore, LPMM extends beyond 

traditional analysis by integrating multi-perspective performance assessment, including control-

flow, organizational, and cost dimensions, as well as enabling continuous Process Health 

Monitoring (PHM). In addition, the method incorporates Lean-based performance metrics, such 
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as value-added time and process efficiency, to support waste identification and continuous 

improvement in construction workflows. The proposed LPMM–D2P framework is specifically 

tailored to the construction domain, accounting for the complexity of inter-organizational 

processes and heterogeneous project information systems. This combination of data architecture 

transformation, domain-specific adaptation to construction processes, and continuous monitoring 

capabilities positions the proposed method as a novel extension that bridges the gap between raw 

project data environments and actionable process intelligence, which is not explicitly addressed in 

prior methodologies such as PM² [210]. 

The D2P method implemented in this study addresses this gap by enabling systematic 

extraction and quantitative analysis of “as-happened” process behaviors from heterogeneous, 

siloed project data sources. Without such diagnostic insights, process reengineering and 

automation initiatives risk being poorly targeted and ineffective. In contrast, D2P enables 

evidence-based interventions, such as intelligent dynamic assignment of RFI reviewers and 

automated rerouting of technically complex RFIs to expert consultants, thereby reducing 

unnecessary activities such as repeated forwarding and review loops (see Table 6-6)These 

capabilities support more effective control of process variability and enable targeted improvements 

together with enhanced decision-making grounded in data-driven process analytics. 
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CHAPTER 8.  RESEARCH CONCLUSIONS AND OUTLOOK 

8.1. Summary 

This study introduces a novel data-driven, process-oriented management framework tailored to the 

AEC/FM domain to drive process intelligence in construction projects. The proposed process-

aware framework presents a Lean-based Process Mining and Management (LPMM) method that 

integrates advanced process mining techniques with Lean-based quantitative metrics to help 

construction organizations and practitioners leverage day-to-day project operations data to 

automatically and dynamically assess, control, and manage construction business operations. It 

should be noted that the LPMM method is system-agnostic (with respect to software platforms and 

data standards), enabling the automated extraction and integration of fragmented project 

operations data residing across multiple digital construction platforms widely adopted across the 

industry, such as Procore and other comparable CDEs, to support E2E process performance 

monitoring. 

8.2. Contributions 

8.2.1. Contributions – Research in AEC/FM 

8.2.1.1. Fundamental Contributions 

(1) Lean-based Process Mining and Management (LPMM) framework (Primary) – The 

primary contribution of this process-oriented research is the introduction of a novel Lean-

based Process Mining and Management (LPMM) framework tailored to the AEC/FM 

domain. The proposed framework enables automated extraction of ‘as-happened’ process 

models, advanced multi-perspective performance assessment, and continuous monitoring 

of critical business operations in construction projects. To the best of the author’s 

knowledge, no prior framework has provided an integrated, Lean-grounded, process-

mining-based methodology addressing this need in the AEC/FM industry (see Figure 5-1). 

The complementary contributions associated with this framework are as follows: 

a. Identification and validation of significant construction business processes: 

Process significance was systematically validated through semi-structured 
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interviews with industry experts and supported by data-driven analytics, including 

exploratory data analysis (EDA) and task mining techniques (see Chapter 4.  

b. RFI Process Mining Use Case Development – A comprehensive RFI process 

mining use case was developed, comprising: (i) in-depth process understanding 

based on an extended literature review; (ii) definition of scope for quantitative 

process performance assessment; (iii) identification of the primary information 

systems supporting RFI execution, stakeholder roles, core data entities, and 

human–machine interactions (HMI); (iv) formulation of a backend data processing 

pipeline; and (v) multi-perspective process-oriented analytics incorporating time, 

cost, control-flow, and organizational dimensions (see Figure 6-5). 

c. Design of reusable D2P transformation method: The proposed method is replicable 

to other significant construction business processes beyond RFIs (see Figure 3-7). 

(2) Enablement of RFI Process Health Monitoring (PHM) – A second primary contribution of 

this study is the development of a Process Health Monitoring (PHM) module designed to 

operationalize continuous, evidence-based process performance assessment and 

monitoring. The PHM module comprises three integrated components: (i) identification of 

key Process Performance Indicators (PPIs) grounded in the existing Process Mining and 

Management (PMM) literature; (ii) formulation of time-based and cost-based process 

efficiency equations (see (Eq. 9) and (Eq. 10)), derived from Lean-based performance 

metrics and enriched through process mining-based variant analysis; and (iii) introduction 

of an operational business process model canvas and a dynamic process board reporting 

mechanism to support structured process governance (i.e., formalized oversight, control, 

and continuous improvement of business processes) and decision-making. The 

complementary contributions include: 

a. Cost-based Process Variant Analysis – Automatically discovered process variants 

were enriched through the integration of a cost dimension into the generated event 

logs, computed by multiplying activity cycle times by stakeholder-specific hourly 

wage rates. This extension enabled quantitative evaluation of variant-level 

economic performance and supported cost-informed process comparison. It further 
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allowed AEC/FM organizations to identify dominant and non-conformant process 

variants, thereby facilitating early, targeted interventions to mitigate cost 

inefficiencies and enhance process performance. 

b. Definition of Time-based and Cost-based Process Efficiency Metrics – Formulation 

of mathematically defined time-based and cost-based efficiency equations (see (Eq. 

9) and (Eq. 10)), derived from Lean performance principles and process mining-

based variant analysis. These metrics provide a structured mechanism to assess 

operational efficiency across alternative process executions. 

c. Operational Business Process Model Canvas: Design of a structured seven-

component operational process canvas (see Figure 3-8) integrating automation 

level, process purpose and abstraction, information structure, maturity assessment, 

monitoring mechanisms, classification, and model representation. The canvas 

provides a standardized blueprint for systematic process analysis, audit, and 

performance monitoring. 

8.2.1.2. Applied Contributions 

(1) Design and Implementation of an automated D2P transformation pipeline – This research 

designed and implemented an automated Data-to-Process (D2P) transformation pipeline 

that systematically converts heterogeneous raw system data into structured process 

knowledge assets suitable (i.e., in conformance with XES standard) for process mining and 

performance analyses. The proposed pipeline transforms fragmented digital trace data into 

analyzable process knowledge (data as an asset). This research designed and implemented 

an automated Data-to-Process (D2P) transformation pipeline that systematically converts 

heterogeneous raw system data into structured process knowledge assets compliant with 

the XES standard for process mining and performance analysis. The proposed pipeline 

transforms fragmented digital trace data into analyzable, structured process events, thereby 

operationalizing data as a strategic asset for evidence-based performance monitoring. 

(2) Evidence-based performance assessment enabled through LPMM – This study 

operationalized the LPMM framework to enable a multi-perspective, evidence-based 

process performance assessment across four analytical perspectives: (i) temporal 
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performance (cycle times, waiting times, and throughput), (ii) cost-based process variant 

analysis (delay exposure and variant-level financial impact), (iii) control-flow variability 

and conformance relative to a dominant or reference process model, and (iv) organizational 

interaction patterns using SNA to examine how stakeholder roles and team 

dynamics/interaction structures influence overall actual E2E process performance as well 

as to enhance resource allocation (i.e., labor, materials, machinery, money) by automated 

resource balancing based on detected workloads (i.e., WIP) by similar project roles. 

(3) Multi-project cross-case validation of the proposed E2E RFI process performance 

monitoring module – This contribution empirically validated the proposed structured 

monitoring module across multiple projects by integrating automated D2P transformation, 

RFI process mining-based analytics, and the defined PPIs. The results demonstrated the 

methodological feasibility and cross-project applicability of systematic E2E RFI process 

performance monitoring by leveraging project operations data that is frequently 

underutilized or remains dormant within cloud-based CDEs. In parallel, process custom 

boards by perspective (see Figure 6-24) enabled continuous visualization, analysis, and 

tracking of key defined PPIs and variant-level metrics, thereby supporting structured and 

data-driven performance monitoring. 

8.2.2. Contributions to AEC/FM industry – Development and Deployment 

8.2.2.1. Fundamental Contributions 

(1) RFI Management as a Diagnostic Process System – While prior studies have examined 

RFI management from a process-oriented perspective, they primarily relied on conceptual 

models, reference frameworks, or survey-based assessments of intended workflows. This 

research advances the field by repositioning RFI handling from a document-centric 

administrative workflow to a measurable, data-driven inter-organizational business process 

grounded in automatically extracted “as-happened” project operations data. By structuring 

RFIs as event-based process objects and analyzing actual execution traces rather than 

assumed process flows, the study enables systematic lifecycle analysis and diagnostic 

performance assessment, allowing the empirical identification and quantification of 

inefficiencies such as delays, rework loops, and process variability across projects. The 
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contribution emphasizes evidence-based performance diagnostics of real process 

executions, addressing an important industry need that had received limited attention. 

(2) Development of ETL+E Algorithms for Automated Process Event Log Generation – It 

comprised the development and deployment of automated extractor, transformer, and 

enricher algorithms to retrieve project operations data from Procore CDE, convert raw 

system data into structured event logs, and integrate cost dimensions, generating standard-

compliant XES logs that enable robust process mining and enhance organizational 

operational knowledge retention (see Sections 5.4.1.3 and 6.4). 

8.2.2.2. Applied Contributions 

(1) Real-World Deployment and Multi-Project Validation of the D2P Pipeline (Primary) – 

This contribution entailed the full operational validation and deployment of the D2P 

pipeline using real RFI data extracted from production CDEs and SQL databases across 

multiple construction projects. The validation demonstrated methodological robustness 

and feasibility under realistic data complexity and volume conditions. The deployed 

pipeline supported scalable cross-project and portfolio-level process analytics, generating 

actionable, data-driven insights tailored to project managers, coordinators, and controls 

specialists to enhance process transparency, responsiveness, and informed decision-

making. This empowers AEC/FM organizations to evolve their existing data 

infrastructures into process-aware environments that enable actionable performance 

diagnostics and support future developments in evidence-based predictive capabilities. 

8.3. Attainment of Research Objectives and Questions 

This research project aims to drive process intelligence in construction projects by offering a data-

driven method based on process mining and Lean-based metrics, helping AEC/FM organizations 

identify major process inefficiencies automatically and in near real time, and enabling project 

stakeholders to take immediate action when needed to improve efficiency and reduce cost 

overruns. 

The five research objectives defined in this study have been fully achieved as follows: 

• RO1 was accomplished through an investigation of the foundational principles of 
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Process Mining and Process Modeling and Management (PMM), including a 

comprehensive review of international event-log standards, PMM methodologies, their 

research gaps, and the identification of construction service-based administrative 

processes required across the lifecycle of construction projects. This also included the 

proposal of a process management support tool for conducting process audits and 

monitoring and controlling these processes. 

• RO2 was achieved by validating the identified administrative processes and their 

significance in project delivery through semi-structured interviews with subject matter 

experts to capture tacit process knowledge and corroborate the literature review 

findings. In addition, operational project data were collected, and a preliminary 

exploratory and task mining analysis was performed to select the most relevant process 

or processes for subsequent process mining analysis. 

• RO3 was fulfilled by designing the process mining use cases for the selected RFI 

Management and Change Order Management processes, which resulted in a robust end-

to-end understanding of their execution and interdependencies. 

• RO4 was addressed by developing the comprehensive LPMM methodological 

framework, including several supporting algorithms for automated event-log generation 

required for process mining implementation. 

• RO5 was completed by applying and validating the proposed method in actual 

construction projects through real-world case studies, demonstrating the practicality, 

applicability, and usefulness of the framework. 

Besides, the following two main research questions were also addressed: 

• RQ1: How can construction organizations harness project operations data to extend and 

transform their existing data-oriented architectures into process-aware structures to 

control the performance of their business operations? 

➢ This research demonstrated that implementing the PMM methodological 

framework presented in Figure 5-1 enables construction organizations to 

systematically and automatically transform their existing data-oriented 
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architectures into process-aware structures, thereby leveraging project data 

generated from day-to-day operations to continuously assess, monitor, and 

improve the execution performance of their intra- and inter-organizational 

business processes. 

• RQ2. How can construction professionals leverage process mining, in combination with 

other process-oriented methodologies, extract, quantitatively assess, monitor, and 

improve the actual E2E performance of critical construction processes in a dynamic, 

automated, and data-driven manner? 

• The proposed process mining-based framework was integrated with time- and cost-

efficiency equations (see (Eq. 9) and (Eq. 10)) derived based on Lean-based metrics, 

analyzing the impact of non-value adding activities on process efficiency. 

 

8.4. Limitations and Future Work 

Despite the contributions of this study and the achieved objectives, the following limitations are 

acknowledged: (i) although the proposed approach is designed to be system-agnostic and generally 

applicable across different Common Data Environments (CDEs), its empirical implementation and 

validation were conducted using data obtained from SQL-based relational databases and a single 

CDE platform, Procore, through the automated D2P transformation method. The selection of this 

CDE reflects its widespread adoption among AEC/FM organizations in North America [19, 234]; 

(ii) Process simulation and predictive analytics are not addressed in this study. Instead, the study 

adopts a diagnostic process analytics perspective, aiming to identify and quantitatively diagnose 

major performance inefficiencies in real-world RFI process executions; and (iii) the analyzed GC’s 

operations data is confined to DBB construction projects. 

 In line with the notion of ‘No AI without PI’ [269], this study underscores automated 

process performance assessment and diagnostics as the essential foundation for enabling targeted, 

non-wasteful AI-powered automations, reinforcing the principle that what cannot be assessed 

cannot be controlled. It proposes data-driven process improvements through the LPMM 

framework as the enabler of generative, predictive, and prescriptive AI, thereby streamlining 
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workflows and enhancing decision-making, while the actual implementation of AI-powered 

automations lies beyond its scope. Future research may extend this process-oriented study and 

advance the D2P framework by: (i) examining the performance implications of project delivery 

systems beyond DBB; (ii) developing additional automated data pipelines to other CDEs 

integrated with BIM 3D models; (iii) incorporating multidimensional process mining based on the 

OCEL standard, enabling data-driven analysis of interdependent process executions and the 

systematic assessment of intertwinement effects across interconnected construction business 

processes, e.g., E2E change order management and its interactions with RFIs, change order field 

execution activities, and progress payment processes.; (iv) extending the current framework 

toward predictive, data-driven, process-oriented analytics with forward-looking capabilities; (v) 

assessing performance improvements under “what-if” scenarios through the simulation and replay 

of generated process event logs; and (vi) designing targeted AI-powered agentic automations 

grounded in evidence-based decision-making and process variant control strategies to streamline 

construction business operations through integrated diagnostic and predictive process intelligence. 

This study, together with the identified future directions, sets the foundation for more predictable, 

efficient, and digitally enabled project delivery by advancing data-driven process performance 

assessment, diagnostics, and targeted continuous improvements, with a particular focus on 

addressing the most critical process inefficiencies. 

8.5. Threats to Research Validity  

Construct Validity – Event Logs Representation and Modeling Assumptions: The transformation 

of raw system data into event logs relies on modeling assumptions regarding case identifiers, 

activity definitions, and lifecycle transitions, which may influence the extent to which the logs 

accurately represent real process behavior. 

External Validity – Generalizability: The method is validated on the RFI process, which is 

inherently interconnected with other construction processes such as design authoring, contract 

management, and financial workflows, and therefore further studies are required to confirm its 

generalizability across broader intertwined/interrelated process contexts. 

Conclusion Validity – Limited Statistical Generalization: Although the study includes 71 selected 

projects, the analysis is restricted to a single process type and does not incorporate formal statistical 
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analysis or statistical process control methods. The methodological approach emphasizes process 

variant analysis to uncover execution patterns, deviations, and inefficiencies across cases. While 

this provides rich diagnostic insights into real-world process behavior, it limits the extent to which 

the findings can be generalized in a statistical sense. 

Data Quality, Completeness, Availability, and Privacy: The validity of the analysis depends on 

the availability, completeness, and accuracy of digital project data, while data access and privacy 

constraints may further limit the scope of observable process behavior. 

Researcher Bias: The reconstruction of event log structures, process event log abstraction, and 

performance metrics may introduce researcher bias that can influence the interpretation of process 

models and analytical performance results. 

8.6. Synthesis of Research Impact  

This research strengthens the operational knowledge base of AEC organizations (i.e., corporate 

memory) through the implementation of the proposed Data-to-Process (D2P) method, which 

leverages process mining and quantitative Lean-based performance metrics (LPMM) to 

systematically assess, diagnose, and monitor the performance of essential construction business 

processes. This hybrid and structured methodology enables the automated extraction of “as-

happened” process executions, followed by diagnostic analysis to identify major inefficiencies and 

performance bottlenecks where timely and targeted interventions are required. In doing so, it 

enhances process transparency, increases visibility over actual process behavior, enables 

continuous monitoring and operational control of process variants, and supports long-term 

productivity improvement  [26]. 

Furthermore, this research provides a systematic pathway for integrating fragmented, 

siloed data systems and transforming existing data-oriented architectures within AEC/FM 

organizations into process-aware structures. By operationalizing data management and process 

variant control strategies, it ultimately drives process intelligence and enhances process efficiency 

through evidence-based decision-making and targeted automations. 

In conclusion, the outcomes of this research equip project managers, project controls 

specialists, and coordinators with systematic, data-driven capabilities to monitor, diagnose, and 
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control operational performance more effectively. By enabling the automated identification, 

evaluation, and diagnosis of process inefficiencies, the proposed approach supports timely and 

targeted early interventions, shifting decision-making from reactive problem resolution to 

proactive performance monitoring and control. This transition toward anticipatory management of 

process variants enhances operational efficiency, strengthens productivity, and ultimately 

contributes to measurable time and cost savings across construction projects.
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APPENDICES 

Table S1. Process Modeling in Discrete Event Simulation Studies - Construction Operations 

Criteria [270] [271] [272] [142] [273] [274] 

Simulation 

Type 
4D + DES DES 

DES + 

Optimization 
DES DES DES 

Title Integrating 

Building 

Information 

Models with 

Constructio

n Process 

Simulations 

for Project 

Scheduling 

Support 

Computer 

Simulation and 

Analysis 

Framework for 

Floating Caisson 

Construction 

Operations 

Optimization of 

concrete 

placing 

operation based 

on competing 

carbon 

footprint, cost 

and production 

rate objectives 

Improving Hoist 

Performance during 

Up-peak of Tall 

Building 

Construction 

Simulation of 

mobile 

falsework 

utilization 

methods in 

bridge 

construction 

Bayesian 

Inference with 

Markov Chain 

Monte Carlo-

Based 

Numerical 

Approach for 

Input Model 

Updating 

Construction 

Operations  

Forming 

Concreting 

Hoisting 

Reinforcing 

Slip forming 

Reinforcing 

Concreting 

Concreting Hoisting Falsework  
Earthmoving 

Operation 

Targets 

(Decision 

Variables) Project Total 

Duration 

Project Total 

Duration 

Productivity Rates 

Total Unit Cost 

Resource 

Utilization 

Project Cost 

Productivity 

Rates 

Carbon 

Emissions 

Hoist's cycle time 

% of workers 

waiting 

Average waiting 

time  

Delivery of workers 

Installation 

Cycle Times 

Resource 

Utilization 

Project Cost 

Truck Cycle 

Time 

(Univariate) 

Type of Data 

Collection 

Method 

Manual  
Manual & Semi-

Automated 
Manual  Manual  

Manual & 

Semi-

Automated 

Manual 

Data Source 

Type 
Subjective 

Recorded & 

Subjective 

Collected 

Records 

Collected Records & 

Subjective 

Recorded & 

Subjective 
Subjective 

Data Source 

Details 

Contractor's 

feedback 

Direct 

Observations 

Time-lapse video 

Subject expert's 

consultation  

Project 

information 

Direct 

Observations  

Previous 

Records & 

Studies 

Historical 

Manufacturer's Data 

, Direct Observations 

and records 

operations and 

expert's feedback 

Video and Site 

daily direct 

observation 

records 

Expert’s 

consultation 

Expert's 

knowledge and 

historical 

observations 

Selected Model 

Simulation SW 

tool 

Stroboscope Stroboscope 
SimEvents & 

Matlab 
Simphony.NET Simphony.NET Simphony.NET 

Does it involve 

user-written 

code? 

Yes- Visual 

Basic 
Yes- Visual Basic Yes- Matlab 

Yes- execute within 

simphony.net 

Yes- execute 

within 

simphony.net 

NA 

Dependency 

Type among 

Finish to 

Start 

Finish to Finish 

Start to Start 
Finish to Start Finish to Start 

Finish to Finish 

Start to Start 
Finish to Start 



APPENDICES 

 

194 
 
 

Tasks/Activitie

s 

Independence 

& homogeneity 

Statistical 

check  

✗ 

✓ 

(Krustal-Wallis 

test) 

✗ ✗ ✗ ✗ 

Manual or 

Selected SW 

tool for 

distribution 

fitting of model 

inputs 

Manual  
"@Risk" 

("Bestfit") 

Matlab's 

"dfittool"  
Manual 

"@Risk" 

("Bestfit") 
Manual 

Fitted 

Statistical 

Distributions-

Input Model 

Betta-PERT 

Distribution 

Uniform 

Triangular 

Beta 

Gamma 

Beta 

Constant Inter-

arrival/step/function. 

Empirical 

Distribution 

"Durations-

"@Risk"  

Cost- Normal 

Beta for 

hauling 

duration 

Constant for 

other's 

durations 

Goodness of fit 

✗ 

✓ 

(Chi-square; K-S 

test; Anderson-

Darling; Q-Q & 

P-P graphs) 

✓ 

(Kolmogorov-

Smirnov test) 

✓ 

Cumulative 

Distribution 

Function 

✓ 

("@Risk checks 

for KS Test or 

Chi-Square”) 

✓ 

Visual CDF 

Model 

Verification 

(Details) 

✓  

(logical 

outcomes 

vs. 

supervisor's 

expertise) 

✓ 

(model’s logic 

with subject 

experts) 

✓ 

(model's results 

vs. optimization 

results 

consistency) 

✓ 

(by tracing model 

components and 

their interactions vs. 

data from site & 

expert's opinion) 

✓ 

(by tracing 

model elements 

and by 

observing 

statistics) 

✓ 

(model’s logic 

with subject 

experts) 

Model 

Calibration 

(Details) 

✗ ✗ ✗ ✗ ✗ ✓ 

Model 

Validation 

(Details) 
✗ 

✓ 

(model's 

performance 

results after 30 

runs vs. actual 

field data) 

✗ 

✓ 

(model's functioning 

vs. related previous 

studies and site data) 

% accuracy is not 

provided 

✓ 

(model's 

performance 

results after 100 

runs vs. actual 

field data) 

✗ 

  

Sensitivity 

Analysis / 

Perturbation 

(Details) ✗ 

✓ 

(model's outcome 

performance 

through variation 

of critical model 

parameters) 

✓ 

(model's 

outcome 

performance 

through 

variation of 

critical model 

parameters) 

✓ 

(model's result's 

analysis through 

variation of model 

parameters) 

✓ 

(model's result's 

analysis 

through 

variation of 

resource 

utilization) 

✓ 

(100 runs 

variating the 

activities 

durations due to 

the learning 

effect of 

activities) 
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Table S1. Process Modeling in Discrete Event Simulation Studies - Construction Operations (Continuation) 

Criteria [275] [276] [277] [278] [279] [280] 

Simulation 

Type 

DES DES DES DES SDESA 4D + DES 

Title Slip-Form 

Application to 

Concrete 

Structures 

Analysis of 

Disruptions 

Caused by 

Construction 

Field Rework on 

Productivity in 

Residential 

Projects 

Off-Site 

Construction 

Planing Using 

Discrete Event 

Simulation 

Optimal Productivity 

in Labor-Intensive 

Construction 

Operations: Pilot 

Study 

Simplified 

Discrete-Event 

Simulation 

Approach for 

Construction 

Simulation 

Integrating 4D 

modeling and 

discrete event 

simulation for 

phasing 

evaluation of 

elevated urban 

highway 

reconstruction 

projects 

Construction 

Operations  
Slip-form, 

reinforcing 

and 

concreting 

House building 

operation 

Off-site 

structural steel 

fabrication 

Electrical Lighting 

Replacement 
Asphalt paving 

Elevated Urban 

Highway 

projects: 

Construction 

and demolition 

of concrete box 

girder bridge 

Targets 

(Decision 

Variables) 

Productivity  

Slip-form Rate 

Resource 

Utilization 

Productivity 

based on rework 

analysis 

Project Total 

Duration 

Resource 

Utilization 

Optimal Productivity Arrival time of 

five asphalt 

trucks 

Cycle Time 

Productivity 

Rates 

Costs per 

Conctractor 

Type of Data 

Collection 

Method 

Manual  Manual  Manual  Manual  Manual  Manual 

Data Source 

Type 

Subjective Recorded  Subjective Recorded and 

Subjective 

Recorded  "Subjective 

(Contractors) 

Data Source 

Details 

Expert's 

knowledge of 

case study 

projects 

Direct 

Observations 

from Site 

Subject expert's 

consultation 

from 

workshops   

"Direct Observations 

on Site 

Expert's 

knowledge of 

case strudy 

projects 

Direct 

Observations 

from Site 

Selected Model 

Simulation SW 

tool 

MicroCYCL

ONE 

Arena 14.5 Simphony.NET Arena  HKCONSIM MicroCYCLO

NE 

Does it involve 

user-written 

code? 

✗ Yes- SIMAN Yes- Execute 

Operator 

through 

Simphony.net 

✗ Yes- Visual 

Basic 

Yes- Visual 

Basic 

Dependency 

Type among 

Tasks/Activitie

s 

Finish to Start Finish to Start Finish to Start 

Finish to Finish 

Finish to Start Finish to Start Finish to Start 
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Independence 

& homogeneity 

Statistical 

check  

✗ ✗ ✗ ✓ 

(Paired-tmeans 

comparison test) 

✗ ✗ 

Manual or 

Selected SW 

tool for 

distribution 

fitting of model 

inputs 

Manual Input Analyzer 

Tool 

Manual Input Analyzer Tool VIBES Manual 

Fitted 

Statistical 

Distributions-

Input Model 

Triangular 
Exponential 

(Rework Data) 

Constant 

Uniform 

Triangular 

Exponential 

Weibull 

Gamma 

Triangular 
Triangular 

Normal 

Goodness of fit ✗ ✓ (test statistics 

and min square 

error) 

✗ ✓ (Chi-square; K-S 

test; p-value) 

✗ ✓ (Visual 

Cumulative 

Distribution 

Function) 

Model 

Verification 

(Details) 

✓ 

(model’s 

logic with 

subject 

experts) 

✓ 

(factorial 

ANOVA) 

✓ 

(model’s logic 

with subject 

experts) 

✓ 

(model’s sequence 

vs actual sequence in 

the field) 

✓ 

(model’s 

sequence vs 

actual sequence 

in the field-5 

runs @ 

scenario) 

✓ 

(mode'ls logic 

with subject 

experts/enginee

rs) 

Model 

Calibration 

(Details) 

✗ ✗ ✗ ✗ ✗ ✗ 

Model 

Validation 

(Details) 

✓ 

(model's 

performance 

results vs 

actual field 

data) 

✓ 

(DES Model 

Simulation vs 

Mathematical 

Modeling) 

✓ 

(model's 

performance 

results vs actual 

field data) 

✓ 

(Face validity 

technique (model's 

logic vs actual) 

✓ 

(model's 

performance 

results vs actual 

field data) 

✓ 

(model's 

performance 

results after 

1000 runs) 

Sensitivity 

Analysis / 

Perturbation 

(Details) 

✓ 

(model's 

outcome 

performance 

through 

variation of 

critical input 

model 

parameters) 

✓ 

(20,100+ runs 

were carried 

out) 

✓ 

(model's 

outcome 

performance 

through 

variation of 

critical input 

model 

parameters) 

✗ ✗ 

✓ 

(1000 runs for 

validating the 

productivity 

rates and costs) 
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Table S1. Process Modeling in Discrete Event Simulation Studies - Construction Operations (Continuation) 

Criteria [281] [282] [283] [157] [284] 

Simulation Type DES DES DES DES + Mobile 

Tracking 

DES 

Title Discrete Event 

Simulation 

Analysis of 

Product and 

Process 

Platforms: A 

Bridge 

Construction Case 

Study 

An 

integrated 

data 

collection 

and analysis 

framework 

for remote 

monitoring 

and planning 

of 

construction 

operations 

Analysis of 

earth-moving 

systems using 

discrete-event 

simulation 

Coupling Human 

Activity 

Recognition and 

Wearable Sensors 

for Data-Dirven 

Construction 

Simulation 

Integrated 

Simulation 

System for 

Construction 

Operation and 

Project 

Scheduling 

Construction 

Operations  Bridge 

Construction 

Earthmoving 

Operation 

Earthmoving 

Operation 
Carpentry works 

Earthmoving 

Operation 

Targets 

(Decision 

Variables) 

Total construction 

time 

Resource Utilization 

Idle (waiting 

time) of 

construction 

equipment 

Resource 

Utilization 

Idle Time 

Cycle Time 

Productivity 

Cycle Time 

Idle Time 

Cycle Time 

Resource 

Utilization 

Project 

Completion Time 

Cost 

Type of Data 

Collection 

Method 

Manual Automated Manual Automated Manual 

Data Source 

Type 

Recorded  and 

Subjective 

Recorded  

Real Time 

Data 

Collection 

Subjective Recorded Subjective 

Data Source 

Details 

Interviews with 

project manager 

and subject 

experts 

Project 

Documentation 

Direct Site 

Observations 

Workshops 

 

Acceleromet

er and 

Gyroscope 

Video 

Recordings 

From 

previous 

study 

Accelerometer and 

Gyroscope 

(Sensor Kinetics 

Pro App) 

Videotape 

Fictitious 

Historical Data 

Selected Model 

Simulation SW 

tool 

SIMIO STROBOSC

OPE & 

VITASCOP

E 

Arena STROBOSCOPE SimEvent & 

Web-Cyclone 

Does it involve 

user-written 

code? 

✗ Yes- C++ 

.NET 
✗ ✗ Yes - MATLAB 

(MathWorks 

2007a) 
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Dependency 

Type among 

Tasks/Activities 

Finish to Start 

Finish to Finish 

Start to Start 

Finish to 

Start 

Finish to Start  Finish to Start Finish to Start 

Independence & 

homogeneity 

Statistical check  

✗ ✓ 

(trend of the 

collected 

data and 

outlier 

removal) 

✗ ✓ 

(t-test) 

✓ 

(t-test) 

Manual or 

Selected SW tool 

for distribution 

fitting of model 

inputs 

Manual Manual Input 

Analyzer 

Tool 

Input Analyzer 

Tool 

Manual 

Fitted Statistical 

Distributions-

Input Model 

Triangular Normal ✗ Triangular 

(Sawing) 

Triangular 

(Loading) 

Gamma (Hauling) 

Beta (Unloading) 

Gama (Returning) 

Normal 

(Hammering) 

Beta (Turning the 

Wrench) 

Triangular 

(activities' 

durations) 

Weibull (OPC) 

Normal (PPT) 

Goodness of fit ✗ ✗ 

Subjective 

(Expert 

Knowledge) 

✗ ✓ 

(Chi-square; K-S 

test; p-value-

histograms) 

✓ 

(Chi-square test-

log likelihood 

test) 

Model 

Verification 

(Details) 
✓ 

(model’s logic 

with subject 

experts) 

✓ 

(model’s 

logic based 

on 3D 

visualization

/animation 

as pre-

processing 

of data) 

✓ 

(model’s 

logic vs  2D 

animation) 

✓ 

(model’s sequence 

vs actual sequence 

in the 

experimental 

setting) 

✗ 

Model 

Calibration 

(Details) 
✗ 

✓ 

(Fine-tuning 

the model 

based on real 

time data) 

✗ 

✓ 

(Machine 

Learning- ANN- 

SVM-KNN-

Logistic 

Regression-DT) 

✗ 

Model 

Validation 

(Details) 

✓ 

(model's 

performance 

results after 1000 

runs vs actual 

filed data) 

✓ 

(model's 

performance 

results vs 

actual results 

from 3D 

orientation 

trackers in 

✓ 

(model's 

performance 

results vs 

previous 

study results) 

✓ 

(model's 

performance 

results (50 

replications) vs 

observed values) 

✓ 

(model's 

performance 

results vs 

previous study 

results) 
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an indoor 

laboratory) 

Sensitivity 

Analysis / 

Perturbation 

(Details) 

✓ 

(model's outcome 

performance 

through variation 

of critical input 

model parameters 

in the relational 

database) 

✗ ✗ ✗ ✓ 

(model's outcome 

performance 

through variation 

of critical input 

model 

parameters- 120 

iterations) 

 

 

Table S2. Process identification vs. process model type – administrative processes 

Modeled Construction 

Process 

“As-Planned”  

Process  

“As-Happened” or 

“As-Is” Process 

“To-Be” Process 

Forward-Looking 

Request For Information  Golzarpoor, et al. [24]; 

Golzarpoor, et al. [169] 

 

Construction Change Order 

Management 

Karimidorabati [285]; 

 

[286] 

Golzarpoor [53] 

Karimidorabati [285] 

 

 

Procurement/ 

Purchasing 

Cheng and Tsai [164]; 

Cheng, et al. [165]; 

Shi, et al. [27] 

  

Project Delivery 

Management 

Costa, et al. [75]   

Contract Management [287]   

Cost Estimation  [184]  

Drawing/Design Approval Schaijk [178] Kouhestani and Nik-

Bakht [89] 

 

Organizational Management Sanvido [81]   

 

 

Table S3. Process identification vs. process model type – construction operational processes 

Modeled Construction 

Process 

“As-Planned”  

Process  

As-Happened” or 

“As-Is” Process 

“To-Be” Process 

Forward-Looking 

Cast-in-place concrete 

elements 

Benevolenskiy, et al. 

[160]; 

Sigalov and König [138] 

  

Precast concrete elements Benevolenskiy [83]; 

Sigalov and König [138] 

[51] 

 

[51] 
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Electrical Installation Sigalov and König [138]   

Sanitary Installation Sigalov and König [138]   

Lay Floor Marengo, et al. [80]   

Install Wooden Windows Marengo, et al. [80]   

Assembly Columns Benevolenskiy, et al. 

[160] 

Correa [176]  

Masonry Walls  Correa [176]  

Heating, ventilation, and air 

conditioning installations 

 Van Der Aalst et 

al., (2003) 

 

Panelized building 

construction 

Liu, et al. [141]  Liu, et al. [141] 

Architectural & Structural 

Works 

Schaijk [178]; 

Pan and Zhang [90] 

Schaijk [178]; 

Pan and Zhang 

[90] 

 

Modular Construction  Rashid and Louis 

[179] 

 

Forming   Wang, et al. [270] 

Hoisting   Kamleh [142]; 

Reinforcing   Pantouvakis and Panas 

[271]; 

Wang, et al. [270] 

Falsework   Liu, et al. [273] 

Earthmoving   Wu, et al. [274] 

Maintenance and Error 

Handling 

 Schaijk [178]; 

 

 

Slip forming   Pantouvakis and Panas 

[271] 

Off-site Structural Steel 

Fabrication 

  [277] 

Asphalt paving   [279] 

Phasing of urban highway 

reconstruction 

  [280] 

Bridge construction   Wu, et al. [135] 

Carpentry works   [288] 
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Table S4. Comparison of ontology-based studies – ‘top-down’ process modeling approach 

References  

(Ontology-

based 

Modeling) 

Ontology Name 

A
x

io
m

s 

A
ct

o
rs

 &
 R

o
le

s 

R
es

o
u

rc
e
s 

M
ec

h
a

n
is

m
s 

P
ro

ce
ss

es
 

 P
ro

d
u

ct
s 

M
o

d
a

li
ti

es
/C

lu
st

er
s 

R
el

a
ti

o
n

sh
ip

s 

S
y

st
em

s 

A
tt

ri
b

u
te

s 

R
u

le
s 

o
r 

C
o

n
st

ra
in

ts
 

E
v

en
ts

 

A
ct

io
n

s 

P
ro

je
c
ts

 

A
ct

iv
it

y
 L

o
ca

ti
o

n
s 

F
a

m
il

ie
s 

/M
o

d
a

li
ty

 V
ie

w
s 

T
ec

h
n

ic
a

l 
T

o
p

ic
s 

M
o

d
el

 L
ev

el
 o

f 
A

b
st

ra
ct

io
n

 

[145] 

e-COGNOS 

(knowledge 

maNagement 

across prOjects 

and between 

enterpriSes) 

✓ ✓ ✓ ✓ ✓ ✓  ✓ ✓ ✓ ✓   ✓   ✓  

[133] 

 

[170] 

IC-PRO-Onto 

(Infrastructure 

and 

Construction 

PROcess 

Ontology) 

 

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓  ✓ ✓ ✓ ✓ ✓ ✓ ✓   

[160] 

[83] 

Ontology-based 

modeling  
✓  ✓ ✓ ✓ ✓  ✓  ✓ ✓    ✓    

(Golzarpoor et 

al., 2016 

[53] 

[169] 

IFP (Industry 

Foundation 

Processes) 
✓ ✓   ✓   ✓  ✓ ✓  ✓ ✓    ✓ 
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Table S5. Aggregated analysis of ‘top-down’ PMM studies 
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Costa et al., 

2019 

 
    ✓ ✓   ✓ ✓   ✓     ✓   ✓   

Golzarpoor et 

al., 2016 
✓ ✓ ✓ ✓ ✓         ✓ ✓   ✓ ✓   ✓ 

Golzarpoor et 

al., 2018 
✓ ✓ ✓ ✓ ✓             ✓   ✓   ✓ 

Golzarpoor, 

2017 
✓ ✓ ✓ ✓ ✓         ✓ ✓ ✓ ✓ ✓   ✓ 

Cheng & Tsai, 

2003 

 
    ✓   ✓                     

Cheng et al., 

2015 

 
    ✓ ✓ ✓ ✓   ✓       ✓   ✓ ✓ 

Sanvido, 1988 
 

    ✓   ✓       ✓ ✓   ✓ ✓     

El-Gohary & 

El-Diraby, 

2010b 

✓   ✓ ✓           ✓   ✓ ✓ ✓   ✓ 

El-Gohary & 

El-Diraby, 

2010a 

✓     ✓ ✓         ✓   ✓ ✓ ✓   ✓ 

El-Diraby et 

al., 2005 
✓       ✓         ✓   ✓ ✓ ✓   ✓ 

Benevolenskiy 

et al., 2012 
✓ ✓ ✓ ✓ ✓         ✓ ✓ ✓ ✓ ✓   ✓ 

Benevolenskiy, 

2015 
✓ ✓ ✓ ✓ ✓         ✓ ✓ ✓ ✓ ✓   ✓ 
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Table S5. Aggregated analysis of ‘top-down’ PMM studies (continuation) 

Authors 

Process 

Modeling 

Representa

tion 

Language 

Reported used 

software tools, 

instruments, or 

technologies 

Addressed Major Problems 

Modeled 

Process? 

As-Is Process 

Modeling 

Reported Model's 

Validation Method 

Costa et al., 

2019 

BPMN Not Specified Inefficient process management 

in public projects 

Manage Project 

Delivery 

Experts Feedback/ 

Focus Groups 

Golzarpoor 

et al., 2016 

BPMN & 

FOL 

Skelta BPM &  

EPPM 

Inefficient processes & 

time-consuming workflow 

customizations  

Request For 

Information  

Expert Feedback & 

Functional 

Demonstration 

Golzarpoor 

et al., 2018 

 RDF, 

BPMN & 

.NET 

Framework 

Microsoft 

Workflow  

Foundation & 

Windows 

Communication 

Foundation 

Project delays & poor process 

non-proprietary interoperability 

Change Requests 

Request For 

Information 

Expert Feedback & 

Functional 

Demonstration 

Golzarpoor, 

2017 

BPMN  EPPM Non-conformant &  

non-interoperable processes 

Change Requests 

Request For 

Information 

Expert Feedback & 

Functional 

Demonstration 

Cheng & 

Tsai, 2003 

IDEF Not Specified Redundancy of business 

operations 

Poor Process Planning 

Procurement/Purc

hasing  

Customer & Expert's 

Feedback 

Cheng et al., 

2015 

EPC ARIS High turnover rates  

of workers 

Inefficient Process 

Management 

Procurement/Purc

hasing  

KPIs-Process Value 

Sanvido, 

1988 

IDEF Not Specified Management Ineffectiveness 

Failing Management Systems 

Low Productivity  

Operational 

support to 

craftsman 

CONNIE & 

Comparison between 

Reference Models and 

Actual Projects 

El-Gohary 

& El-

Diraby, 

2010b 

Tree-like 

Structure, 

NLP & FOL 

Protégé-OWL Poor Knowledge-based process 

conceptualization and 

coordination 

Process 

Management 

Competency 

Questions, Previous 

Ontologies; Expert 

Feedback & & 

RACER  
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El-Gohary 

& El-

Diraby, 

2010a 

XML 

(Extensible 

Markup 

Language) 

Protégé-OWL-

Prototype SW 

Portal 

(Ontology-

Merger) 

The complexity of dynamic 

process integration 

The urban 

transportation 

planning process 

Experts Feedback/ 

Focus Group 

El-Diraby et 

al., 2005 

DAML 

(Agent 

Markup 

Language) 

OWL (e-CKMI 

portal) 

Lack of consistent semantic 

representation of construction 

knowledge 

Knowledge 

Management 

Taxonomy 

Competency 

Questions, Interviews, 

Workshop & 

Expert Feedback 

Benevolensk

iy et al., 

2012 

 RDF  

(Resource 

Description 

Framework) 

OWL-Process 

Configurator SW 

Low quality and lack of 

automation in process 

modeling; 

Poor process patterns 

reusability 

Produce Concrete 

Columns 

Assembly 

Columns  

Functional Application 

(1- project case) 

Benevolensk

iy, 2015 

 RDF & 

BPMN   

OWL; Drools, 

OptaPlanner & 

Process 

Configurator 

Time-consuming, unstructured 

& rigid process models 

Produce Precast 

Columns 

Produce Precast 

Slabs 

Functional Application 

( 2 - project cases) 
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Table S6. Aggregated analysis of ‘bottom-up’ PMM studies 

Authors 
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Shi et al., 

2008 

Procurement/ 

Purchasing  

∆   ✓ ✓           ✓     ✓ ✓     ✓ 

Sigalov & 

König, 

2017 

Cast-in-place 

columns 

Electrical and 

Sanitary 

Installation 

∆ ✓ ✓ ✓   ✓       ✓ ✓   ✓         

Marengo 

et al., 

2019 

Lay Floor & 

Install Wooden 

Windows 

∆   ✓ ✓ ✓ ✓       ✓ ✓     ✓ ✓   ✓ 

Correa, 

2018 

Assembly 

Columns and 

masonry walls 

∆     ✓ ✓         ✓               

Amer & 

Golpavar-

Fard, 

2021 

Various 

construction 

patterns 

∆ ✓ ✓ ✓   ✓       ✓     ✓ ✓       

Liu et al., 

2015 

On-site 

construction of 

panelized 

building projects 

∆ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓   ✓ ✓ ✓ ✓ ✓ ✓ 
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Table S6. Aggregated analysis of ‘bottom-up’ PMM studies (continuation) 

Authors 

Process 

Modeling 

Representati

on Language 

Reported used software 

tools, instruments, or 

technologies 

Addressed Major Problems 

Reported Model's 

Evaluation/Validation 

Method 

Shi et al., 

2008 

Traditional 

Workflow 

Computer Coded Tasks  

 (different levels of 

automation per task 

according to actors 

involved) 

Not enough process automation at 

the task level & 

Poor Process Management 

Not Specified 

Sigalov & 

König, 2017 

Feature 

Graphs 

Process 

Pattern 

Workflow 

BIM-based scheduling 

software 

Branch and Bound 

Visualization 

Poor identification and reusability 

of generic process patterns  

Similarity Metric & 

Expert's Assessment 

Marengo et 

al., 2019 

CoPModL CoPMod Process 

Modeling Platform 

Need for a specific process 

modeling language for CEM with 

formal semantics 

Satisfiability checking 

algorithm vs. NuSMV 

model checker 

Correa, 

2018 

Petri nets Ultra -wideband (UWB) 

system 

Lack of integration between BIM 

and real project site information 

Not Specified 

Amer & 

Golpavar-

Fard, 2021 

Process 

Pattern 

Workflow 

FastText & Projector 

TensorFlow 

Manual creation of process 

templates based on previous 

projects is time-consuming and 

error-prone 

Perturbation analysis 

through vanilla 

architectures 

Liu et al., 

2015 

Process 

Pattern 

Workflow 

Simphony.NET Overlooked resource-constrains 

Poor integration of BIM with 

construction processes 

Expert Feedback & 

Functional 

Demonstration 
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Table S7. Aggregated analysis of process mining studies 

Study Details Design Construction Operation 

Author 
 [89]   [178] [178] [90]  [179]  [178] 

Title of the 

Study 

IFC-based process 

mining for design 

authoring 

Case study: 

Construction 

design process 

mining 

Building 

Information Model 

(BIM) based 

process mining 

Automated process 

discovery from 

event logs in BIM 

construction 

projects 

Process 

Discovery 

and 

Conformance 

Checking in 

Modular 

Construction 

Using RFID 

and Process 

Mining 

Case study: 

Process 

mining with 

facility 

management 

data 

Main Data 

Source 

BIM Model in Revit 

Systems 

Engineer IT 

system 

database 

IFC ArchiCAD 

Design BIM 

Models  

Construction 

Planning Schedule 

IFC 4D Models in 

Synchro 

As-Built 3D Point 

Clouds -UAV 

ArchiCAD Design 

BIM Models  

Construction 

Schedule 

IFC 4D Models in 

Synchro 

XES Event Logs 

Radio 

Frequency 

Identification 

(RFID) Bldg. 

Component 

Tracking 

from 

Database 

Planon 

Facility 

Management 

System 

Developed 

Algorithms 

/ Specific 

Contributions 

IFC Archiving 

Dynamo Algorithm 

IFC Logging 

Dynamo Algorithm 

No Developed 

Algorithms 

Event Log Service 

Planning Consult 

Service 

No Developed 

Algorithms 

RFID and 

Process 

Mining 

Framework 

No 

Developed 

Algorithms 

Information 

Exchange File 

Extension 

Details 

RVT→(DYN→IFC) 

→CSV→XES 

IT 

System→CSV 

PNL→(IFC+XML) 

→ SP→ (IFC 4D 

VS PLY) → 

BIMSERVER→ 

CSV→XES 

CSV→XES 

Raw Data 

Putty 

Streaming→ 

CSV 

Panon 

FM→CSV 

Process Model 

Types 
As-Planned  

(Design Authoring 

Process) 

As-Happened 

(Discovered Design 

Operational Model) 

 As-Is Process 

Model 

(Design 

Specification 

Process) 

As-Planned & As-

Built 

(Construction 

Operational 

Process) 

As-Planned & As-

Built 

(Construction 

Operational 

Process) 

Predefined 

Production 

Plan vs. As-

Is Process 

(Assembly 

Line 

Process) 

Standard FM 

Process vs. 

As-Is 

Discovered 

Process 

(Maintenance 

Error 

Handling 

Process) 

Applied 

Discovery 

Process Mining 

Algorithms 

Inductive Miner Fuzzy Miner Fuzzy Miner 
Inductive Miner 

Fuzzy Miner 

Inductive 

Miner 
Fuzzy Miner 

Process 

Modeling 

Notations 

Process Trees; Petri 

Nets; ProM Process 

Animation 

Process Maps 

Process Trees; 

Petri Nets; ProM 

Process Animation; 

Process map 

Process Trees; 

Petri Nets; ProM 

Process 

Animation; 

Process map 

Petri 

Nets/Process 

Tree 

Process 

Maps 
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Applied 

Process Mining 

Techniques 

Process Discovery 

Conformance 

Checking  

(Bottlenecks & 

Deviations) 

Social Network 

Analysis 

Process 

Discovery 

Conformance 

Checking  

(Bottlenecks 

& Deviations) 

Social 

Network 

Analysis 

Process Discovery 

Conformance 

Checking  

(Bottlenecks & 

Deviations) 

Social Network 

Analysis 

Process Discovery 

Conformance 

Checking  

(Bottlenecks & 

Deviations) 

Social Network 

Analysis 

Process 

Discovery 

Conformance 

Checking 

(Deviations 

& 

Bottlenecks 

Process 

Enhancement 

Process 

Discovery 

Conformance 

Checking 

(Deviations 

& 

Bottlenecks) 

Process Mining 

Perspectives 
Control-Flow 

Perspective 

 (Phase & Activity) 

Time Perspective 

Organizational 

Perspective 

 (Actor-Centric) 

Control-Flow 

Perspective 

 (Activity 

Flow) 

Organizational 

Perspective 

 (Actor-

Centric) 

Control-Flow 

Perspective 

 (Activity-Level) 

Organizational 

Perspective 

 (Actor-Centric) 

Organizational 

Perspective 

 (Actor-Centric) 

Time Perspective 

Control-

Flow 

Perspective 

(Component-

Level) 

Time 

Perspective 

Control-Flow 

Perspective 

 (Steps for 

error 

handling) 

Time- Cost 

Perspective 

Quality KPIs 

SNA Metrics SNA Metrics SNA Metrics 

Fitness & 

Precision & SNA 

Metrics 

Not 

Mentioned 

Not 

Mentioned 

Functional 

Demonstration 

Details - 

Verification 
2-story building 

(299elements) 

Experimental 

Study 

Large Civil 

Project in the 

Netherlands 

Fictive Project 

Home Building 
Not Applicable 

Laboratory 

Experiment 

Experimental 

Setup 

Of an 

assembly 

line 

Experimental 

Visual Test 

in Disco 

Validation 

Real Case Study; 

Usability Test 

; Customer 

Acceptance 

Experiment's 

Results vs. 

Expert’s 

Opinion 

Exported Elements 

with Event Log 

Service; Real Case 

Study with 

assumed process 

actors 

Visual Validation 

of Planning 

Consult 

Real Case Study 

with Assumed 

Process Actors 

Laboratory 

Experiment 

Experimental 

Setup 

Actual 

Process 

Mining 

Results vs. 

Standard 

Process and 

Expert's 

Opinion 

Case Study 

Details 
3-story hotel (7923 

elements) 
Civil Project 

“Schependomlaan” 

3-story residential 

building project 

“Schependomlaan” 

3-story residential 

building project 

Modular 

Construction 

Facility 

Facility 

Management 

of the MC 

Hospital in 

Rotterdam 

Event Log 

Datapoints 

Event Log I: 310 

events 

Event Log II:  

30,308 events 

139,018 

datapoints 
3661 datapoints 3661 datapoints 13 datapoints 

2414 

datapoints 

Event Log 

Attributes 
 4 Attributes 4 Attributes  12 attributes 12 attributes 4 Attributes  5 Attributes  

Involved 

Modeling 

Disciplines 

Architectural 

Structural 

MEP 

Civil 
Architectural and 

Structural 

Architectural and 

Structural 

Assembly 

Line 5 Units 

Examples 

included: 

Sanitary, 

Electric & 

Plumbing 
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Supporting 

Tools/Platforms 

Design: Revit  

IFC Export: 

Dynamo 

Process Mining: 

ProM 

IT System 

Process 

Mining: Disco 

&  

My Invenio 

Design: ArchiCAD 

As-Built: UAV & 

D4AR Tool 

As-Planned IFC 

Models: Synchro; 

BIM Server; 

Process Mining: 

Disco & My 

Invenio 

Design: 

ArchiCAD 

As-Planned IFC 

Models: Synchro 

BIM Server 

Process Mining: 

ProM &Disco 

RFID 

System 

Data 

Streaming: 

Putty 

Process 

Mining: 

ProM  

FM Platform: 

Panon FM 

Process 

Mining: 

ProM 

&Disco 

Main Target 

Group 

BIM Managers 

Process 

Engineers 

Project 

Managers 

Contractors 

BIM and Process 

Mining 

Researchers 

Industry 

Practitioners 

Project Managers 
Process 

Managers 

Facility 

Managers 

Main 

Enhancement 

Targets 

Designer 

Productivity 

Process 

Efficiency  

Process 

Transparency 

 Process Planning  Process Efficiency  

Productivity 

Process 

Improvement 

Process 

Discovery  

Process 

Improvement 
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Figure S1. Business Process Model Canvas – Blank Template 
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Figure S2.Administrative “As-Planned” process model in conformance with IFP. 
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Figure S3. Construction operational “As-is/As-happened” process model. 
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Table S8. Perceived Significance of Construction Business Processes Based on Industry Expert Input 

Phase Process 

Q1 Importance 
Q2 Impact on project’s 

completion timeline 

L (%) M (%) H (%) 
N/E 

(%) 
L (%) M (%) H (%) 

Tendering Bidding    (100%)   (34%)  (66%) 

Pre-

Construction 

Contract 

Management 
  (83%) (17%) (20%) (40%) (40%) 

Design 

Approval 
 (33%) (50%) (17%) (20%) (20%) (60%) 

Submittal/ 

Transmittal 

Approval 

 (17%) (83%)   (17%) (83%) 

Procurement 

Management 
(17%) (50%) (17%) (17%) (20%) (40%) (40%) 

Construction 

Labor/Resource 

Management 
(17%)  (66%) (17%)    

Material 

Management 
 (34%) (66%)  (17%) (33%) (50%) 

Construction 

Progress 

Monitoring 

 (17%) (83%)   (34%) (66%) 

Space-Time 

Logistics 

Management 

(17%) (66%) (17%)   (66%) (34%) 

Change 

Management 
 (34%) (66%)   (50%) (50%) 

Post-

Construction 

Commissioning 

& Handover 

 

 (33%) (67%)   (33%)  (67%) 
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Table S9. Perceived Process Bottlenecks Based on Industry Expert Input 

Phase Process Synonyms 

 

 

 

 

 

Preconstruction 

Contract management Contracting, contract values 

Procurement management /  

Procure-to-pay 

Materials procurement, equipment procurement 

Order-to-cash Subcontract, AR (Accounts receivable) 

Design approval/Authoring CAD (Computer Aided Design) or VDC (Virtual 

Design & Construction) 

Document control management SharePoint, Procore (technology to support process) 

Submittal & Transmittal approval Technical submissions 

Progress payments for design Invoicing, payment terms 

 

 

 

 

Construction 
 

Resource utilization management Resource management, Labour management, 

(Labor, material, equipment and schedule) 

Material 

requisition/inventory/tracking 

management 

Material purchase orders 

Change Management It can involve change events, change orders, prime 

contract change orders, Site Instructions (SI), 

contemplated change notices (CCN), change requests 

(CR) 

Construction progress monitoring Work in Progress (WIP); Progress Tracking 

Site logistic and space management Staging area, laydown areas 

Quality assurance & Quality control Deficiencies Assessment & Compliance Assurance 
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Table S10. Analysis of previous studies on RFI Management 
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Table S11. Analysis of previous studies on RFI Management (Continuation) 
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Appendix S10. Procore-based Glossary of Financial Terms [199] 

A. Contractual and Financial Provisions 

Allowance: A predefined monetary amount included in the original contract value to cover 

specified work items whose detailed scope or specifications were not fully defined at the time 

of contract execution. 

Contingency: A reserved portion of the contract sum intended to address unforeseen costs 

arising from uncertain or unknown conditions not explicitly defined in the contract documents. 

Guaranteed Maximum Price (GMP): A contractual arrangement in which the contractor is 

reimbursed for actual costs incurred plus a fixed fee, subject to an agreed upper cost limit 

beyond which the contractor assumes financial risk. 

Lump Sum Contract: A contracting method in which the contractor agrees to deliver the 

defined scope of work for a fixed total price, inclusive of overhead, profit, and all direct and 

indirect costs. 

Cost Plus Contract: A contract type where the owner compensates the contractor for actual 

project costs in addition to an agreed markup or fee. 

Liquidated Damages: Pre-agreed financial penalties, typically assessed on a daily basis, 

payable by the contractor to the owner for failure to complete the work within the contractually 

specified time. 

Retainage: A contractual practice whereby a percentage of each payment is withheld until 

specified milestones or substantial completion are achieved, serving as a financial assurance 

of performance. 

B. Change Management and Cost Control 

Request for Information (RFI): The term Request for Information (RFI) refers to a formal 

business process initiated by a project participant, such as a general contractor, subcontractor, 

or supplier, to seek clarification or formally communicate issues related to project 

documentation, design, or execution. RFIs are reviewed and responded to by the project 

owner’s representative or the architect, and the resulting responses may influence the project’s 
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scope of work and, when cost or contractual implications arise, require formal approval. 

Change Event: A documented occurrence that alters the project’s scope, schedule, cost, or 

execution conditions and may lead to a formal contract modification. 

Potential Change Order (PCO): A preliminary cost and scope assessment prepared by the 

general contractor to evaluate the potential financial impact of a change before formal 

approval. 

Change Order (CO): A formally approved modification to the original contract that revises 

the agreed scope, schedule, and/or cost. 

Prime Contract Change Order (PCCO): A change order that directly modifies the prime 

contract between the owner and the general contractor, often aggregating multiple PCOs or 

Change Order Requests. 

Commitment Change Order (CCO): A contract amendment that adjusts the financial 

commitments between the general contractor and subcontractors or vendors. 

Change Order Request (COR): A structured submission consolidating one or more potential 

changes into a formal request for owner review and approval. 

Change Directive: An owner-issued instruction requiring immediate execution of changed 

work prior to formal agreement on cost or schedule adjustments. 

Change Notice: A formal communication informing stakeholders of a proposed or pending 

change that may affect contractual obligations. 

Cost Code: A standardized alphanumeric identifier used to categorize and track specific work 

activities and associated costs within a project. 

Cost Type: A classification scheme used to distinguish categories of expenditures such as 

labor, materials, equipment, subcontracted work, or professional services. 

Enterprise Resource Planning (ERP): Integrated business software systems used to manage 

organizational data across accounting, procurement, construction operations, and financial 

reporting. 
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D. Contracts, Procurement, and Payments 

Prime Contract: The primary legal agreement between the project owner and the general 

contractor governing project delivery responsibilities and obligations. 

Request for Quote (RFQ): A formal solicitation inviting vendors or subcontractors to submit 

pricing proposals for specific goods or services, often related to change events. 

Invoice: An itemized financial document requesting payment for completed work or delivered 

services. 

Owner Invoice: A billing statement issued to the project owner detailing approved costs 

incurred during a billing period. 

Progress Payment: A partial payment issued periodically based on verified completion of 

portions of the contracted work. 

E. Estimation, Scheduling, and Value Allocation 

Rough Order of Magnitude (ROM): A high-level cost estimate used during early project 

phases to provide an approximate indication of potential project costs under high uncertainty. 

Schedule of Values (SOV): A detailed breakdown of the total contract amount into individual 

cost items used to support progress measurement and payment certification. 

Scope of Work (SOW): A detailed description of the tasks, deliverables, and responsibilities 

required under a contract or subcontract. 


