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ABSTRACT 

Process mining, a discipline that evolved from Business Process Management (BPM), has seen 

significant advancements, particularly in contrasting approaches such as process mining vs. task 

mining, case-centric vs. object-centric process mining, and the distinction between process models 

and process architectures. Core components of process mining include process discovery, 

conformance checking, and process enhancement. Among these, process discovery has become a 

focal point for automation efforts. Currently, automated process discovery incorporates domain 

knowledge, and future developments aim to deepen this integration, refining algorithms to enhance 

automation. 

To address the challenges in this domain, a Systematic Literature Review (SLR) was conducted within 

the framework of a thesis. Based on the findings, a recommendation framework for process discovery 

was proposed, emphasizing the critical roles of event log pre-processing and domain knowledge 

utilization in achieving reliable outcomes. The study aligns with existing literature to move closer to 

fully automated process discovery and provides a comprehensive mapping of algorithm families, 

detailing the specific challenges each addresses. This framework serves as a guideline for advancing 

automated and domain-informed process discovery methodologies. 
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1. INTRODUCTION 

1.1 BACKGROUND AND PROBLEM IDENTIFICATION 

In 2011, the Process Mining Manifesto highlighted a key shift from traditional Business Process 

Management (BPM) by emphasizing the importance of analyzing and improving organizational 

processes through data (Brock, 2024). As businesses increasingly depend on data for efficiency, 

process mining has become a crucial link between data mining and process modeling. Unlike traditional 

data mining, it focuses on process structures and effectively handles complex workflows. This shift 

reflects the rapid digital growth over the past 50 years, enabling organizations to capture diverse event 

data, such as ATM transactions or medical appointments. However, much of this data's potential for 

driving sustainable progress remains unexplored (Beerepoot et al., 2023). Process mining plays a 

critical role in advancing Industry 4.0 by focusing on process-centric approaches to address the growing 

challenges posed by unstructured data in modern organizations.  The core aim of process mining is to 

use event data to uncover insights, resolve bottlenecks, ensure compliance, and suggest 

improvements (Brock, 2024). It includes three main tasks: process discovery, conformance checking, 

and process optimization (Beerepoot et al., 2023).  Process mining provides a valuable tool for 

uncovering process models embedded within databases, enabling improvements through comparative 

analysis with actual operations (Sedlakova, 2023). 

Process mining has recently evolved to integrate task mining, complementing traditional process 

mining approaches. This expansion acknowledges that individual process models often fail to capture 

the full complexity of organizational systems. To address this, process mining introduced the concept 

of process architecture, a comprehensive framework consisting of interconnected process models. 

This shift enables a transition from case-centric to object-centric process mining, providing a broader, 

more integrated perspective of organizational workflows. By combining case-centric and object-centric 

approaches, process mining now offers a more balanced view that captures both the overall process 

flow and detailed insights into individual objects within the process (van der Aalst, 2023). In the 

contemporary landscape of process mining, key techniques like process discovery, conformance 

checking, and process enhancement are essential for addressing inefficiencies, ensuring compliance, 

and optimizing operations (Berti, 2023). Additionally, the distinction between process models and 

process architectures signifies a shift from mere workflow visualization to the design of resilient, 

scalable systems capable of adapting to complex organizational demands (Oldenburg, 2024). Figure 

1.1 illustrates the interdisciplinary nature of process mining, showcasing how contributions from 

various fields, such as data mining and BPM, have enriched its methodologies and expanded its scope. 

It also highlights the core areas of interest within process mining, including task mining, object-centric 

process mining and process architecture, emphasizing their alignment with the evolving demands of 

modern organizational workflows. 
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Figure 1 - Process mining connections with other fields (inspired by Reinkemeyer, 2022)  

Figure 1.2 shows emerging trends in process mining include intelligent process execution, proactive 

and predictive solutions, as well as the impact on digital workforce and data democratization. The 

integration of cloud technology and IIoT platforms is also at the forefront. These trends lay the 

foundation for mid-term developments in process mining, such as self-learning and self-optimizing 

systems, artificial intelligence, and benchmarking. In the long term, process mining is expected to 

enhance inter-company processes, sustainability, and focus on B2C models. Central to this evolution 

is the improvement of event log quality, which is crucial for mining comprehensive process models. 

(Reinkemeyer, 2022).  

 

Figure 2 - Process mining trends and future directions (Reinkemeyer, 2022) 

Challenges such as poor-quality event logs, which may be incomplete, noisy, or excessively detailed, 

can significantly affect the accuracy of process mining results. Additionally, factors like concept drift 

and representational bias add further complexity. Despite over 100 process discovery algorithms, 

researchers are continually assessing their effectiveness and suitability in different scenarios (Brock et 

al., 2024; Beerepoot et al., 2023). Traditional data mining methods also struggle with issues like 

concurrency, prompting the need for innovative algorithms and new data representations (Monti, 

2024). The core objective of process mining is to leverage event data for extracting actionable insights, 

such as automatically discovering process models that capture dynamic behaviors. More than just 

analyzing performance metrics, process mining also identifies causal relationships between activities 

and facilitates knowledge extraction from historical data, thereby enriching ongoing case analysis 

(Monti, 2024). 
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Process mining has found applications across several industries, helping to improve operational 

efficiency and process visibility. Key sectors include: 

● Finance and Banking: Enhancing operations, ensuring compliance, and improving customer 

service. 

● Healthcare: Streamlining patient flow, reducing waiting times, and optimizing resource 

allocation. 

● Manufacturing: Monitoring production, eliminating bottlenecks, and ensuring quality 

control. 

● Logistics: Optimizing supply chains and improving delivery times. 

● Insurance: Streamlining claims processing and refining risk assessments. 

● Education: Analyzing student engagement and improving administrative workflows. 

● Retail: Enhancing customer experience and optimizing inventory management. 

● Information Technology: Improving software development and IT service management. 

 

1.2 EVENT LOGS AND CHALLENGES IN PROCESS DISCOVERY 

“Definition: A process discovery algorithm is a function that 

maps event log onto a process model such that the model is 

“representative” for the behavior seen in the event log. The 

challenge is to find such an algorithm.” 

The pursuit of fully automated process model discovery presents significant challenges. Ongoing 

research focuses on enhancing process mining algorithms, addressing key concerns such as improving 

model accuracy, ensuring the quality of event logs, and developing tools that are user-friendly for non-

experts (Dakic, 2023; Maggi et al., 2018). As process mining becomes increasingly prevalent in 

organizational settings, the demand for standardized methodologies is growing to ensure consistent 

and reliable process discovery and analysis (Celonis, 2023; Maggi et al., 2018). Despite its critical role 

in the success of process mining initiatives, the process discovery phase is often impeded by challenges 

in efficiently and accurately deriving process models from event logs (Dakic, 2023; Maggi et al., 2018). 

These challenges can be broadly categorized into several problem areas: 

● Noise in Data: Logged data often contain inaccuracies or missing information, which 

complicates the mining process. Noise in the data can lead to incorrect or incomplete process 

models, reducing the reliability of the discovered processes (). 

● Hidden Tasks: Some tasks may exist within a process but are not captured in the event logs, 

making them "hidden" and difficult to detect during process discovery. This leads to 

incomplete process models that fail to represent the true workflow. 

● Duplicate Tasks: The presence of duplicate tasks, where two process nodes refer to the same 

process step, can create confusion and redundancy in the process model, complicating the 

interpretation and analysis. 
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● Non-Free Choice Constructs: These constructs represent controlled choices within a process 

that depend on decisions made elsewhere in the process model. This dependency makes it 

difficult to accurately capture and model the process flow. 

● Mining Loops: Processes often include loops, where certain steps are repeated multiple times. 

Mining these loops can be challenging, especially when the loops are complex and involve 

multiple events. 

● Different Perspectives: Process events may be recorded with additional contextual 

information for mining purposes. However, the varying perspectives captured in the event logs 

can complicate the process discovery, as they may introduce inconsistencies or additional 

noise. 

● Delta Analysis: Comparing the discovered process model with a reference model to identify 

similarities and disparities is crucial for validating the accuracy of the process discovery. 

However, delta analysis can be difficult when the models are complex or when there are 

significant deviations. 

● Visualizing Results: Presenting the results of process mining in a clear and understandable 

graphical form is essential for decision-making. However, visualizing complex process models 

in a way that is accessible to non-experts remains a significant challenge. 

● Heterogeneous Results: Process mining often involves accessing and analyzing data from 

information systems based on different platforms. This heterogeneity can complicate the 

integration of data and the discovery of coherent process models. 

● Concurrent Processes: When multiple processes occur simultaneously, mining them 

accurately without losing critical information or creating overlaps in the process models is a 

complex task. 

● Local/Global Search Strategies: Local search strategies limit the search space, reducing 

complexity but also the likelihood of finding the optimal solution. Conversely, global search 

strategies, while more comprehensive, are computationally expensive and difficult to 

implement effectively. 

● Process Re-discovery: Selecting a mining algorithm that can accurately rediscover a class of 

process models from a complete workflow log is a non-trivial task, requiring deep knowledge 

of both the algorithms and the specific context of the data. 

 

These challenges underscore the fact that process discovery is more of an art than a fully automated 

process. The success of process discovery depends heavily on the expertise of the individual 

conducting it, particularly in terms of selecting and combining the right algorithms, as well as 

effectively cleaning and preparing the database. Although the field has made strides towards 

automating process discovery, significant progress is still needed. The primary obstacles to automation 

include the poor quality and inconsistencies within existing databases, as well as the inherent 

complexity of real-world processes. Several algorithms have been developed to address these 

challenges, each with its strengths and limitations. Among the primary algorithms are the Alpha 

algorithm, Heuristic Miner, Inductive Miner, and Genetic Algorithms. 

 

● Alpha Algorithm: The Alpha algorithm reconstructs process models by identifying causality 

relationships between events based on event logs. It is one of the earliest process mining 

algorithms, effective in discovering simple, structured workflows. However, it struggles with 

noise, loops, and non-free choice constructs (Porouhan et al, 2014). 
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● Heuristic Miner: This algorithm improves on the Alpha algorithm by addressing noise and 

incomplete data issues. It uses frequency-based heuristics to detect the most likely 

relationships between events, making it suitable for real-world logs with noise or irregularities. 

Heuristic Miner produces more robust models for unstructured processes but requires careful 

parameter tuning (Bousdekis et al., 2023). 

● Inductive Miner: The Inductive Miner creates process models by recursively dividing event 

logs into smaller parts, ensuring soundness and high precision in the discovered models. It is 

particularly adept at handling complex loops, concurrency, and nested processes. This 

algorithm is well-suited for creating hierarchically structured models that are easier to validate 

(AlQaheri et al., 2022). 

● Genetic Algorithms: Inspired by Darwinian natural selection, genetic algorithms (Alves de 

Medeiros et al., 2004) are designed to evolve solutions over time, making them suitable for 

reducing noise and mining hidden tasks in event logs. Despite their adaptability, these 

algorithms can be computationally expensive and may struggle with large, complex datasets. 

● General Algorithmic Approaches: These are custom algorithms created by individual 

researchers to mine specific processes (van der Aalst and Song, 2004). While they can be 

tailored to particular contexts, their specificity often limits their generalizability across 

different types of processes and datasets. 

● Markovian Approaches: Markovian algorithms examine both past and future behavior to 

determine potential current states (Cook and Wolf, 1998). These approaches are effective for 

modeling processes with probabilistic transitions but may become less accurate in 

environments with significant noise or when data is incomplete. 

● Neural Networks: Neural networks mimic the human brain's ability to learn and identify 

patterns in data (Cook and Wolf, 1998). While powerful, these models require extensive 

training data and computational resources, and their "black box" nature can make the 

discovered process models difficult to interpret. 

● Cluster Analysis: This approach groups similar solutions into homogeneous subgroups 

(Schimm, 2004), which can help identify patterns and dependencies within the data. However, 

clustering is sensitive to noise and the choice of parameters, which can significantly affect the 

quality of the discovered process models. 

 

Despite the availability of these diverse algorithms, several persistent problems make process model 

discovery challenging: 

 

● Dependency Patterns: Identifying and accurately modeling dependencies between different 

process steps is complex, particularly in processes with intricate interactions. 

● Noise in Event Logs: Event logs often contain errors, missing data, and irrelevant information, 

which can distort the process model. Noise treatment is one of the most frequently addressed 

issues in process mining. 

● Complexity in Event Logs: The complexity of real-world event logs, with their multiple layers 

of interactions and varied data types, makes it difficult to extract clear and accurate process 

models. 

● Mining Loops: Processes that involve repeated cycles or loops pose a challenge, especially 

when these loops vary in complexity and involve multiple events. 
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● Concurrent Processes: Mining processes that occur simultaneously require sophisticated 

techniques to distinguish and accurately model overlapping activities. 

 

The primary motivation for this thesis is to advance the field of process mining by addressing the 

technical and methodological challenges inherent in process model discovery. Specifically, the 

research aims to develop a recommendation framework designed to improve the selection of 

appropriate process discovery algorithms. This framework seeks to ensure that the chosen algorithms 

align with specific contexts and requirements, thereby enhancing the effectiveness and accuracy of 

process mining initiatives (Jalonen, 2023; Di Federico, 2023) 

1.3 RESEARCH QUESTIONS 

 

This situation led to the formulation of the following research questions: 

RQ1: How can event log pre-processing methods be improved to address challenges in automated 

process discovery, and what role does domain knowledge play in this enhancement? 

RQ2: What are the key differences between existing frameworks for process discovery, and how do 

they address issues such as noise, hidden tasks, and duplicate tasks in event logs? 

RQ3: What are the future directions for integrating process discovery with advanced machine 

learning algorithms to support fully automated, domain-informed methodologies? 

 

1.4 GOAL AND FOCUS 

 

The main goal of this investigation is to address the research question: "How to advance the field of 

process discovery by addressing foundational challenges in event log pre-processing, 

understanding the comparative effectiveness of discovery frameworks, and integrating cutting-

edge machine learning techniques for more automated, domain-informed process discovery 

systems" 

To answer this, the investigation will focus on: 

1. Investigate how to improve the accuracy and completeness of event log data by mitigating 

challenges such as noise, missing data, and task duplication. 

2. Compare existing process discovery frameworks to identify their unique strengths and 

weaknesses in addressing noise, hidden tasks, and duplicate tasks. 

3. Proposing a structured framework that systematically addresses these challenges to enable 

greater automation in process model discovery. 

1.5 OBJECTIVES 

The study's objectives are to advance the field of automated process discovery by: 

1. Improving event log pre-processing methods to address challenges such as noise, hidden 

tasks, and duplicate activities through the integration of domain knowledge. 
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2. Comparing and evaluating existing frameworks to identify their relative effectiveness in 

mitigating common event log issues. 

3. Proposing future directions for merging process discovery techniques with advanced 

machine learning algorithms to create fully automated and domain-informed discovery 

methodologies. 
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2. LITERATURE REVIEW 

The primary objective of this dissertation is to develop a process discovery recommendation 

framework that synthesizes findings from existing literature to address key challenges inherent in 

event logs. This framework systematically maps process discovery algorithms to the specific log-related 

issues they tackle, such as noise, hidden tasks, and concurrency, as well as their alignment with various 

process mining requirements. 

To achieve this, the study conducts a comprehensive evaluation of process discovery approaches, 

examining their effectiveness against critical performance metrics such as fitness, precision, and 

generalization. Emerging trends and future directions in process discovery are also analyzed to ensure 

the framework remains relevant in evolving process mining landscapes. 

● Section 2.1 outlines the evaluation criteria for comparing process discovery algorithms, 

providing a detailed analysis of their strengths, limitations, and applicability to different 

process discovery scenarios. 

● Section 2.2 demonstrates the practical application of these algorithms, emphasizing how 

they resolve specific challenges in process model derivation, including non-free choice 

constructs, complex loops, and heterogeneous event data. 

● Section 2.3 focuses on event log repair methodologies, detailing strategies for handling 

noise, missing data, and other quality issues. These techniques are integrated into process 

discovery workflows to enhance the reliability of mined models and support real-time 

operational optimization. 

● Section 2.4 highlights the role of domain knowledge integration in improving process 

discovery accuracy, particularly for context-specific processes. Additionally, it explores 

emerging innovations, such as hybrid discovery approaches and the incorporation of AI-

driven enhancements, which shape the future of process discovery. 

● Section 2.5 delves into the process and significance of conducting a systematic literature 

review (SLR). A systematic literature review is a structured approach to reviewing and 

synthesizing existing research on a specific topic, ensuring that all relevant studies are 

considered. Unlike traditional literature reviews, which may be more narrative in nature, an 

SLR adheres to strict methodologies to minimize bias and ensure comprehensive coverage of 

the topic. 

This structured approach ensures the recommendation framework is robust, adaptable, and capable 

of addressing the diverse complexities of real-world event logs. 

2.1 MAPPING EXISTING PROCESS MINING ALGORITHMS BY THEIR CHARACTERISTICS 

The rapid development of the process mining field has led to a development of algorithms, each made 

to address specific challenges and requirements. Periodic assessments of these algorithms are 

essential for maintaining an up-to-date understanding of their capabilities and limitations (Huang & 

Kumar, 2012). Metrics for assessing the complexity of business process models play a pivotal role in 

development of the process mining field, as they can predict potential sources of errors in processes 

(van der Aalst, 2016). Quantifying the complexity of a process model helps researchers and 

practitioners to determine the suitability of different algorithms for its discovery. This makes 
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complexity metrics a valuable tool for evaluating and benchmarking process discovery algorithms 

(Rozinat & van der Aalst, 2008). 

 

Figure 3 - Mapping of studies on process mining tools (Huang et al., 2012)  

Lee and Yoon made significant contributions to defining metrics for Petri net process models by 

classifying them into structural and dynamic categories. Structural metrics focus on elements such as 

the number of places, transitions, arcs, and the cyclomatic complexity of the control graph, providing 

insights into the model's architecture. In contrast, dynamic metrics assess behavior by counting the 

number of markings and measuring the maximum and average number of tokens in both original and 

reduced process models (Lee & Yoon, 2004). 

Building on this, Nissen integrated design heuristics and knowledge-based systems to evaluate process 

model quality. Metrics proposed by Nissen include the count of paths, hierarchy levels, nodes, cycles, 

the diameter of the model, and parallelism, calculated as the ratio of nodes to the diameter (Nissen, 

2008). These metrics offer a robust framework for assessing the complexity and quality of process 

models, contributing to more effective algorithm selection and process optimization. 

Tjaden, Narasimhan, and Gupta addressed four critical characteristics of business processes—

simplicity, flexibility, integration, and efficiency—focusing on balancing these dimensions. Simplicity 

was quantified by basic process complexity, measured as the sum of nodes, arcs, and roles. The overall 

simplicity was calculated as the ratio of average activity complexity to maximum activity complexity. 

Flexibility and integration were assessed using a scoring methodology similar to function point analysis 

(Tjaden et al., 1998). 

Morasca proposed a robust set of metrics for Petri nets grounded in a theoretical framework. These 

metrics are designed to fulfill specific axiomatic properties, including size, length, structural 

complexity, and coupling, to evaluate Petri net processes effectively (Morasca, 1999). 

Additionally, Augusto et al. provided a comprehensive framework for evaluating process discovery 

algorithms using a variety of metrics, detailed in their study. These metrics informed the development 

of mapping approaches (Table 2.1) for various tools utilized in process mining. Evaluations of process 

discovery algorithms in the literature were conducted based on these metrics, offering insights into 

their performance and applicability (Augusto et al., 2019). 
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Table 1 - Mapping existing process mining algorithms (Augusto et al., 2019)  

 

 

2.2 DISCOVER PROCESS MINING MODELS USING DIFFERENT ALGORITHMS 

As mentioned earlier, both the literature and practical applications have led to the widespread 

adoption of nearly 100 process discovery algorithms. Among the prominent algorithms are the α 

algorithm, GA algorithm, Heuristic miner, and Region miner. The α-algorithm, a key technique in 

process discovery, is designed to infer causality from event sequences. Variants such as α+, α++, and 

α# are extensions within the α-algorithm family. The GA algorithm, part of the genetic process mining 

family, focuses on achieving a high fitness model. The Heuristic miner builds on the α-algorithm by 

integrating trace frequencies into log analysis (Gupta, 2014). Gupta notes that the Heuristic miner 

effectively addresses "noise" by leveraging frequency and parameterization, while the GA algorithm 

can be resource-intensive, particularly with complex or noisy logs. She suggests novel techniques 

involving clustering and abstraction to handle noisy or complex models, recommending that clustering 

be done at the trace or activity level (Gupta, 2014). 

When selecting a process discovery algorithm, it’s crucial to consider the inherent properties of 

different algorithms. Some are better suited to handling models with invisible tasks, while others may 

struggle. Wen stresses the importance of choosing an algorithm that produces models semantically 

similar to the original, with structural equivalence or improvement (Wen, 2009). Recent studies and 

software developments have worked towards creating evaluation frameworks tailored to specific 
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organizational databases (Rozinat et al., 2007; Wang et al., 2012). However, evaluating all available 

algorithms against a business's models is computationally costly and time-consuming. Wen proposes 

an alternative: selecting models for evaluation and estimating their similarities through a regression 

model, without needing prior empirical evaluation (Wen, 2014). This approach contrasts with methods 

that evaluate model similarity using existing models. Wen's research compared process models 

generated by major algorithms (α algorithm, GA algorithm, Heuristic miner, and Region miner), using 

model similarity to assess algorithm quality. His findings support the idea that only a subset of process 

models needs empirical evaluation, as most can be recommended based on a regression model (Wen, 

2009). 

2.3 REPAIRING NOISY EVENT LOGS, INCOMPLETE LOGS AND LOOPS IN PROCESS MODELS 

In theory, event logs should capture all activities of a process, whether performed by a human or a 

machine, and be stored in a standard database. However, in practice, this is often not the case. 

Participants may only manually track a portion of their work, sometimes leaving activities unrecorded, 

leading to incomplete or "noisy" event logs.  

● Noise refers to the presence of rare or infrequent behaviors in the data, which do not reflect 

the typical process behavior, and it can result from errors or inconsistencies in event recording 

(Suriadi et al., 2017; Breuker et al., 2016).  

● Incomplete logs may lack sufficient data to uncover certain control-flow structures (Suriadi et 

al., 2017).  

● Process loops—where an event repeats or returns to a previous activity—can complicate 

process discovery. 

These issues present significant challenges for process mining methods, leading to suboptimal results 

if not properly addressed. Ongoing research in the field focuses on improving event log quality by 

tackling these problems. Approaches include designing algorithms that are resilient to noise, as well as 

strategies for dealing with missing or incomplete data. Techniques such as Heuristics Miner and AGNEs 

miner address noise by analyzing behavior patterns and ensuring that only frequently occurring 

patterns are used in the process model (Goel et al., 2021). Additionally, probabilistic techniques, such 

as hidden Markov models, have been found effective in dealing with noisy or incomplete data, 

although they must be carefully managed to avoid overfitting (Breuker et al., 2016) 

2.3.1 Process discovery from noisy event logs 

In the field of process mining, noise is a significant challenge for event log analysis, particularly because 

its definition and quantification are not universally agreed upon. Noise in event logs generally refers 

to rare or infrequent behaviors that deviate from the typical process flow, often leading to suboptimal 

mining outcomes. Several methods have been proposed to address this issue: 

➔ Cheng and Kumar's Method: This technique focuses on cleansing noisy logs by applying data 

mining strategies. They construct a classifier on a subset of the event log and then use this 
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classifier to filter out the noisy traces, thus enhancing the quality of the logs (Cheng & Kumar, 

2023). 

➔ Nolle et al.'s Neural Network Approach: This approach uses neural networks to detect and 

eliminate anomalies in event logs. It is based on identifying behavior that does not fit the 

expected patterns, effectively uncovering the true underlying process model (Nolle et al., 

2022). 

➔ Weber et al.'s Probability Distribution Approach: Weber and colleagues apply probability 

distributions over event traces to represent the underlying process, sampling these 

distributions to create a "true" process model while isolating instances of noise. Their 

approach, demonstrated with the Heuristics Miner algorithm, shows robustness against 

various types of noise (Weber et al., 2021). 

➔ Li et al.'s Distance Calculation Method: This method involves calculating distances between 

event traces to identify outliers. By constructing a Petri net representation of the process 

model, Li and colleagues use clustering to group traces, treating those outside the largest 

cluster as noise (Li et al., 2020). 

➔ Rembert and Omokpo's Bayesian Approach: They integrate prior knowledge from domain 

experts through Bayesian statistics to guide the process discovery using the α-algorithm, 

which helps handle uncertainty and noise (Rembert & Omokpo, 2021). 

➔ Folino et al.'s WFMiner Algorithm: An enhanced version of WFMiner is proposed to address 

noise, duplicate tasks, and non-free choice in process discovery. This modification improves 

the algorithm’s ability to manage noisy data while maintaining process model accuracy 

(Folino et al., 2020). 

These methods contribute to reducing the impact of noise in process mining, although the lack of a 

standardized definition or metric for noise continues to complicate the reliable extraction of process 

insights from event logs. 

2.3.2 Process discovery from incomplete even logs 

In their work, Zareh Farkhady et al. (2013) define incomplete logs as event logs that lack sufficient 

information to accurately derive the underlying process model. To address this issue, they introduce a 

probabilistic approach using time Petri nets for process model discovery from incomplete logs. This 

method aims to recover process models despite the missing or incomplete data (Farkhady et al., 2013). 

Leemans et al. (2013) highlight the importance of handling probabilistic behavioral relations to 

discover models from incomplete event logs. Their proposed solution, the Inductive Miner - 

Incompleteness (IMin) algorithm, is designed to partition the event log by selecting an operator that 

maximizes the probability of relations between activities that cross the partition. This method 

enhances the discovery of process models even when the logs are incomplete (Leemans et al., 2013). 

Van der Werf et al. (2010) present a different approach by utilizing Integer Linear Programming (ILP) 

combined with the theory of regions. This method handles incomplete event logs by constructing 

process models through mathematical optimization techniques, ensuring the recovery of valid models 

from incomplete data (Van der Werf et al., 2010). 
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These approaches represent significant advancements in the field of process discovery, focusing on 

overcoming the challenges posed by incomplete event logs and improving the accuracy of the mined 

models. 

2.3.3 Dealing with process loops 

In the field of process mining, handling loops in process models remains a critical challenge. Medeiros 

et al. (2008) recommend the use of the α+ algorithm, an enhanced version of the original α-algorithm, 

specifically designed to address short loops in event logs. This algorithm improves upon its predecessor 

by offering more accurate discovery of process models that include small repetitive cycles (Medeiros 

et al., 2008). 

To manage free loops, He et al. (2009) propose the α-FL algorithm. This approach is particularly adept 

at discovering free loop structures within a process model. The α-FL algorithm extracts repeated 

activities from incomplete event logs, analyzes the relationships among these activities, and applies 

specialized techniques to uncover loop structures, even when the data is sparse (He et al., 2009). 

Weijters et al. (2007) suggest that the Heuristic Miner can enhance the robustness of the α-algorithm 

when dealing with short loops. The Heuristic Miner incorporates trace frequencies into the mining 

process, which helps in improving the model's accuracy, especially when short loops are present in the 

data (Weijters et al., 2007). 

In a similar vein, Liesaputra et al. (2014) introduce Maximal Pattern Mining (MPM) as a technique for 

process model discovery. MPM constructs patterns based on entire event sequences, ensuring the 

soundness of the mined models, particularly in the presence of loops (Liesaputra et al., 2014). 

These advancements contribute to the growing body of research focused on improving process mining 

techniques for more accurate and efficient modeling, even in the presence of loops or incomplete 

event logs. 

2.3.4 Dealing with parallelism 

To address parallelism in process models, Wen et al. (2020) introduce the betta-algorithm, a method 

designed to effectively handle activities occurring simultaneously with distinct start and end 

timestamps. This algorithm utilizes the temporal aspect of tasks, allowing for the explicit detection of 

parallel activities. By analyzing event logs that contain two types of events—START and COMPLETE—

the betta-algorithm identifies overlaps in task occurrences, thus detecting parallelism more accurately 

(Wen et al., 2020). 

On the other hand, Sahu et al. (2015) examine the performance of α-algorithms in dealing with task-

based parallelism. Their study explores the use of the Message Passing Interface (MPI) model for 

parallel computing across multiple nodes, which enables better scalability and efficiency when 

applying the α-algorithm to process mining tasks involving parallel activities (Sahu et al., 2015). 

These contributions highlight ongoing efforts to improve process mining algorithms' ability to handle 

parallelism and enhance their computational efficiency. 
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2.3.5 Approaches dealing with several problems in event logs simultaneously 

Some authors have proposed methods to repair event logs without specifying the particular issues 

within the logs. Rogge-Solti et al. (2012) advocate for a stochastic approach that combines stochastic 

Petri nets, alignments, and Bayesian networks to model process behavior and repair event logs, 

addressing issues like missing timestamps and structural anomalies. This method decomposes the 

problem into two sub-problems: repairing the time and repairing the structure for each trace, utilizing 

observed data for efficient estimations (Rogge-Solti et al., 2012) 

On the other hand, Zheng et al. (2012) introduce logical Petri nets for repairing models, suggesting an 

algorithm that identifies deviations and adds directed arcs to repair models using logic Petri nets and 

transitions based on logical functions (Zheng et al., 2012). Xu et al. (2013) also focus on repairing logical 

Petri net-based models, proposing a technique to add new activities by identifying logical concurrent 

and causal relations between new and original activities (Xu et al., 2013). 

Liu et al. (2014) take a different approach by addressing the problem from the perspective of trace 

tracking. They propose a method for dealing with incomplete logs by clustering event traces, assigning 

missing traces to similar clusters, and supplementing the missing data to mine sub-process models (Liu 

et al., 2014). 

Goedertier et al. (2007) present the AGNEsMiner method, which addresses expressiveness, noise, 

incomplete event logs, and the inclusion of prior knowledge by framing process discovery as a multi-

relational classification problem, supplemented with Artificially Generated Negative Events (AGNEs) 

(Goedertier et al., 2007). Lastly, De Medeiros et al. (2006) propose the DT Genetic Miner to tackle 

typical challenges like noise, duplicate tasks, hidden tasks, and loops, although it is computationally 

intensive due to the genetic algorithm's requirements (De Medeiros et al., 2006). 

These various techniques highlight the growing focus on improving event log quality in process mining, 

each contributing a unique approach to repairing and refining logs for more accurate process model 

discovery. 

2.4 DOMAIN-KNOWLEDGE USE IN PROCESS MINING 

Domain knowledge plays an important role in enhancing the accuracy and relevance of process 

discovery, particularly in context-specific processes. By integrating expert knowledge, organizations 

can guide the discovery algorithms to focus on the most relevant activities, ensuring that the resulting 

models are not only accurate but also tailored to the unique business needs and constraints of the 

environment. Domain knowledge integration helps address challenges such as variability in process 

execution, unexpected exceptions, or complex dependencies that cannot be fully captured by 

automated mining techniques alone (van der Aalst et al., 2011; Werr et al., 2013). For instance, domain 

experts can provide insight into key process steps or potential bottlenecks, improving the 

interpretability and usability of the discovered models (Dumas et al., 2018). 

Moreover, the field of process discovery is witnessing the rise of hybrid approaches that combine the 

strengths of different techniques to tackle limitations inherent in individual methods. For example, 

hybrid models that merge classical process mining algorithms with machine learning or artificial 
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intelligence (AI) methods are emerging. These innovations allow process discovery systems to become 

more adaptive and dynamic, making them capable of handling noisy, incomplete, or evolving data 

(Bose et al., 2020; van der Aalst et al., 2020). AI-driven enhancements, particularly those leveraging 

deep learning and reinforcement learning, show promise in automating the refinement of process 

models based on continuous feedback and real-time data, which can lead to more efficient and 

accurate process discovery outcomes (Cappelli et al., 2020). 

As these innovations continue to evolve, the future of process discovery is likely to be shaped by 

increased automation, context awareness, and adaptability, providing businesses with powerful tools 

for process optimization and continuous improvement. 

2.5 SYSTEMATIC LITERATURE REVIEW 

In response to the gaps identified in existing literature and practice, this thesis employs a systematic 

literature review (SLR) approach to explore the challenges and advancements in process model 

discovery. The methodology involves defining a research question, translating it into Scopus's 

advanced search language, and retrieving relevant articles. The process includes manual refinement 

of search results to focus on a core set of approximately ten articles. Additionally, the use of AI tools 

like ChatGPT's Web Access feature allows for the validation of traditional SLR processes, enhancing the 

comprehensiveness of the literature review. 

Table 2 - SLR research questions  

N Research question 

RQ1 What are the process discovery algorithms? 

RQ2 Which part of the process discovery can be automated and semi-automated?  

RQ3 What methods are used for repairing the noisy event logs? 

 

The research questions served as a guiding mechanism to selectively filter the relevant articles, which 

will subsequently be used to build the recommendation framework for this thesis. This framework is 

grounded in the principles outlined by the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) guidelines. 
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 Figure 4 - PRISMA Flowchart (David et al., 2015)  

In Phase 1, the research string was applied across all relevant electronic repositories, aiming to identify 

papers published between 2004 and 2024, resulting in a total of 701 publications. 

Phase 2 followed a structured 3-step approach: 

1. In Step 1, 556 papers were excluded based on title screening, leaving 145 papers for further 

assessment. 

2. In Step 2, duplicate documents (n=90) were removed. 

3. In Step 3, an abstract screening led to the exclusion of 9 manuscripts, narrowing the pool to 

46 papers for deeper analysis. 

In Phase 3, a thorough full-text reading and evaluation resulted in 4 additional exclusions. As a result, 

42 articles were retained for integration into the study. 
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3. METHODOLOGY 

3.1 RESEARCH METHODS 

Research steps based on the challenges and goals of automatic process model discovery are the 

following: 

1. Literature Review: Conduct a systematic literature review to identify existing process 

discovery algorithms, focusing on noise handling, data variability, and real-world application. 

2. Algorithm Comparison: Map current algorithms, highlighting their strengths and limitations 

in handling incomplete or noisy event logs. 

3. Database Quality Evaluation: Assess the impact of low-quality databases on process 

discovery, identifying common issues like noise, hidden tasks, and repeated activities. 

4. Recommendation Framework Development (Artifact): Propose a structured framework for 

automating process model discovery, integrating key steps like database cleaning, algorithm 

selection, and process architecture analysis. 

5. Refinement and Validation: Iteratively refine the framework based on feedback from field 

specialists. 

 

3.2 DESIGN SCIENCE RESEARCH  

Design science research (DSR) is a methodology that focuses on the creation of artifacts to address 

real-world challenges, particularly in disciplines such as engineering, computer science, and 

architecture. Unlike analytical sciences, which aim to explain existing phenomena, DSR's primary goal 

is to develop and assess innovative solutions, typically artifacts or models, and test them in diverse 

settings to see how they perform under different conditions. This problem-solving approach contrasts 

with analytical sciences, such as physics and biology, which seek to understand natural laws and 

existing structures (Gregory, 2018; Simon, 1996). 

In the context of Information Systems, research is guided by two main paradigms: behavioral science 

and design science. Behavioral science focuses on understanding and predicting human behavior 

within organizational contexts. In contrast, design science is applied when the objective is to create 

new artifacts that can solve specific, often complex, problems. The aim here is not just to predict or 

explain, but to innovate and improve practical systems (Hevner et al., 2004) (Figure 3.1). 

These approaches reflect different ways of advancing knowledge and practice. Behavioral science 

theorizes about human actions, while design science builds tangible solutions to problems, grounded 

in real-world applicability. Therefore, design science is considered essential in creating tools, systems, 

or processes that are not just theoretical but capable of implementation and improvement in 

organizational contexts (Peffers et al., 2007). 
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Figure 5 - Design Science Research Knowledge Base (Hevner et al., 2004)  

Design thinking integrates two primary dimensions of design: as an artifact and as a process. As an 

artifact, design includes constructs, models, methods (processes), and their tangible instantiations, 

which represent the outcomes or innovations. Conversely, design as a verb focuses on the actual 

creation, evaluation, and refinement of these artifacts (Brown, 2009; Cross, 2011). In the context of 

Information Systems (IS) research, this dual focus emphasizes the importance of integrating relevance 

and rigor. Relevance is shaped by the environment, which encompasses people, organizations, and 

technology, ensuring that the design aligns with business needs. Rigor, on the other hand, is grounded 

in a solid knowledge base, including theoretical foundations and methodologies that guide the 

generation of applicable knowledge (Hevner et al., 2004; Peffers et al., 2007). 

In Figure 3.2 the justification for these developed artifacts often arises from empirical methods such 

as case studies, simulations, and experiments, which test and validate the artifacts in real-world 

scenarios (March & Smith, 1995; Walls et al., 2004). These methods serve as essential tools for 

demonstrating the practical utility and scientific validity of the solutions designed within the field of 

Information Systems. 
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Figure 6 - The Roles of Knowledge in Design Science Research (Gregor & Hevner, 2013)  

High-quality design science research is grounded in several key guidelines that ensure both its rigor 

and relevance to the field. These guidelines emphasize the importance of producing innovative 

artifacts, solving significant business problems, and contributing to existing knowledge. 

1. Design as an Artifact: The research must create a novel artifact that advances the field and 

provides a tangible solution (Hevner et al., 2004; Peffers et al., 2007). 

2. Problem Relevance: A central objective is to develop a technology-based solution that 

addresses a relevant and impactful business problem, ensuring real-world applicability (March 

& Smith, 1995). 

3. Design Evaluation: The artifact must undergo thorough evaluation, with evidence of its 

novelty and positive impact on the intended business problem (Gregor & Hevner, 2013). 

4. Research Contributions: The study should clearly contribute to both the existing body of 

knowledge and the field's development, demonstrating the artifact's significance (Walls et al., 

2004). 

5. Research Rigor: The research must be grounded in established theories, ensuring that 

experimental designs and methodologies are robust and scientifically sound (Hevner et al., 

2004; Gregor & Hevner, 2013). 

6. Design as a Search Process: The process of designing the artifact should involve a systematic 

search for solutions, utilizing available resources to meet the stakeholders' needs and achieve 

the desired outcomes (Peffers et al., 2007). 

7. Communication of Research: Finally, the research and its findings must be clearly 

communicated to stakeholders, ensuring the value of the artifact is effectively conveyed and 

understood (March & Smith, 1995). 
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These guidelines help shape the structure of design science research, ensuring that the developed 

artifacts are not only theoretically grounded but also practically impactful. 

 

Figure 7 - Design Science Research Methodology (DSRM) Process Model (Peffers et al., 2014)  

Assessing the impact of design within the field of Information Systems requires a robust framework 

that considers both the novelty and utility of the artifact. Gregor and Hevner (2013) emphasize several 

key areas where design science research (DSR) can provide significant contributions: 

● Artifacts: The focus should extend beyond isolated artifacts created during individual phases 

to encompass the holistic process outcomes. 

● Evaluation: Researchers need to clarify the methods used for assessing artifacts, ensuring 

these evaluations substantiate both their quality and practical utility. 

● Rigor: DSR must prioritize rigor in both the construction and evaluation of artifacts, which 

directly influences the quality and reliability of innovations. 

● Search Processes: The methodologies used to explore complex solution spaces must be 

critically examined for their alignment with solution design objectives. 

● Contribution and Value: Clear distinctions should be made between the artifact’s 

contribution to the knowledge base and its practical value to businesses, both of which are 

essential for impactful innovation. 

These considerations highlight the necessity of structured frameworks and evaluation techniques to 

elevate the quality and relevance of research outputs in the design science domain. 
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Figure 8 - DSR Knowledge Innovation Matrix (KIM) (Gregor & Hevner, 2013)  

 

3.3 RESEARCH STRATEGY  

The research strategy is structured into a systematic framework, encompassing problem identification, 

literature review, objective formulation, artifact development, rigorous evaluation, process 

implementation, metrics development, and critical reflection. This ensures a holistic approach to 

addressing challenges in process mining and design science research. 

1. Identification of Problematic Areas: The initial step involves analyzing the landscape of 

process mining to identify deficiencies, particularly in process discovery with noisy event logs. 

This aligns with the diagnostic phase in design science research, as described by Peffers et al. 

(2007). 

2. Literature Review: A thorough review of literature in Information Systems and Design Science 

Research (DSR) is essential to understanding existing theories, models, and methodologies, as 

emphasized by March and Smith (1995). This ensures that the research builds upon a robust 

knowledge foundation. 

3. Formulation of Research Objectives: Clearly defined research objectives are necessary for 

high-quality DSR, as they provide direction and ensure alignment with the principles of 

creating innovative and valuable artifacts (Gregor & Hevner, 2013). 

4. Artifact Development: The development phase includes designing a foundational process 

model schema and supplementary models tailored to process discovery in noisy datasets. This 

reflects the emphasis on innovative artifact creation highlighted by Hevner et al. (2004). 

5. Research Rigor and Contributions: Ensuring rigor involves grounding the research in 

established theories and using sound experimental design. Contributions to the field should 

be clearly articulated, whether in theoretical advancements or practical applications (Gregor 

& Hevner, 2013). 
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6. Design Process Implementation: The implementation phase focuses on integrating 

constructs, models, methods, and instantiations into the artifact development process, 

following best practices in design process methodologies (Peffers et al., 2007). 

7. Evaluation Metrics: A structured evaluation matrix is developed to assess the artifact's impact, 

considering aspects such as novelty, utility, and relevance to both theoretical and practical 

domains (Gregor & Hevner, 2013). 

8. Critical Reflection and Refinement: The final stage involves reflecting on the entire process, 

identifying areas for improvement, and refining the artifact to address limitations and enhance 

contributions. This iterative approach is central to achieving high-quality design outcomes 

(March & Smith, 1995). 

 

3.4 EXPERT INTERVIEW 

Qualitative research methods, particularly expert interviews, are often used in design research to 

validate artifacts and gain insights into the practical implications of a design. Expert interviews provide 

a valuable means of evaluating the functionality, usability, and effectiveness of a design artifact from 

those with specialized knowledge and experience in the field (Patton, 2002). This method involves 

structured or semi-structured interviews with professionals who possess deep understanding of the 

subject matter, allowing researchers to capture expert perspectives that are critical for the refinement 

and validation of design artifacts. 

Expert Interviews as a Validation Tool: Expert interviews serve as a means to gather in-depth insights 

from professionals who have significant expertise or experience related to the design artifact. These 

interviews are essential for validating the design's relevance, addressing potential gaps, and 

understanding the real-world challenges the artifact may face (Mason, 2002). For example, in process 

mining, experts can evaluate how well a proposed algorithm addresses the challenges of event log 

repair, noise handling, and dealing with incomplete or corrupted data, thus providing feedback that 

ensures the design aligns with industry needs (Seidman, 2013). 

Advantages of Expert Interviews: One of the main advantages of expert interviews is their ability to 

provide deep, context-rich data that goes beyond the surface-level features of the artifact. Experts can 

offer feedback on how the design artifact might be applied in practice, identify potential shortcomings, 

and propose improvements based on real-world experience (Eisenhardt, 1989). This process helps 

ensure that the design is both theoretically sound and practically viable. Additionally, expert interviews 

allow for flexibility in probing deeper into specific areas of concern, which can lead to more nuanced 

findings (Bryman, 2016). 

Pros: 

1. Depth of Insight: Expert interviews provide deep, nuanced insights into specific aspects of a 

design artifact, allowing researchers to explore complex issues from those with specialized 

knowledge (Patton, 2002). This is especially valuable when validating the relevance, 

functionality, and practical implications of a design in real-world contexts. 
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2. Contextual Understanding: Experts bring a wealth of contextual knowledge, which can 

enhance the interpretation of findings. For example, when validating a process discovery 

algorithm, expert interviews can help explain how particular features or challenges might 

manifest in practice (Mason, 2002). This can be particularly important in fields like process 

mining, where the complexities of real data (e.g., noise, loops, incomplete logs) require 

domain expertise for proper understanding. 

3. Flexibility and Adaptability: Qualitative methods, including expert interviews, allow for a 

flexible approach where questions can be adjusted during the interview to probe deeper 

based on expert responses (Bryman, 2016). This flexibility makes expert interviews useful for 

exploring new or emerging issues that were not initially anticipated in the research design. 

4. Rich, Detailed Data: Expert interviews can provide detailed descriptions, anecdotes, and 

examples that enrich the research findings. This can be crucial for validating a design artifact, 

as experts often offer specific recommendations or insights that can refine the artifact's 

features or design (Eisenhardt, 1989). 

Challenges and Limitations: Despite their advantages, expert interviews have certain limitations. The 

subjectivity of the expert's perspective can introduce bias into the validation process, especially if the 

expert has a vested interest in a particular outcome (Seidman, 2013). Furthermore, the small sample 

size typical of expert interviews limits the generalizability of findings. Since expert input is often specific 

to particular industries or use cases, the feedback may not always be applicable to other contexts 

(Marshall & Rossman, 2016). Another challenge is the time-consuming nature of arranging and 

conducting these interviews, which can extend the research timeline (Bryman, 2016). 

Cons: 

1. Subjectivity and Bias: Expert interviews can be highly subjective, depending on the individual 

expert's experience and perspective. This introduces the potential for bias, which may skew 

validation results (Seidman, 2013). For instance, an expert from a particular industry might 

emphasize certain aspects of the design that are not relevant in other sectors, which limits the 

generalizability of the findings. 

2. Limited Generalizability: While expert interviews provide in-depth insights, the findings may 

not always be generalizable to a broader population. The sample size is typically small, and 

experts may represent only a specific viewpoint or subset of the industry (Marshall & Rossman, 

2016). This limitation can affect the overall validity of the design artifact if the expert sample 

is not diverse enough. 

3. Time-Consuming: Conducting expert interviews can be time-consuming, both in terms of 

preparation and analysis. Interviews often require careful selection of participants, developing 

a rapport, and interpreting qualitative data, all of which can significantly extend the research 

timeline (Bryman, 2016). 

4. Reliance on Expert Availability: Expert interviews are contingent on the availability and 

willingness of the experts, which can sometimes be a limitation, especially if the research 

requires input from multiple experts across various fields (Seidman, 2013). Additionally, 

experts may be hesitant to critique a design artifact if they are not directly involved in its 

development, potentially leading to less critical feedback. 
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Integration with Other Research Methods: To enhance the validity and reliability of the findings, 

expert interviews are often combined with other qualitative or quantitative research methods, such 

as case studies, surveys, or user testing (Eisenhardt, 1989). This triangulation approach strengthens 

the conclusions drawn from the interviews, providing a more comprehensive validation process for 

the design artifact. 
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4. EMPIRICAL STUDY 

4.1 DESCRIPTION OF THE PROCESS MODEL DISCOVERY 

Process model discovery is a vital component of process mining that focuses on analyzing event logs 

through algorithms to deduce how processes are executed in real time. A key advantage of this 

technique lies in its ability to uncover actual process flows without relying on predefined assumptions, 

making it an indispensable tool for enhancing organizational workflows (van der Aalst, 2016). 

Effectively addressing the challenges associated with process model discovery is critical, as the 

accuracy and utility of subsequent analysis depend on the quality of the discovered model. Common 

challenges include: 

1. Unstructured or "Spaghetti-Like" Models 

Complex and loosely structured processes often result in unmanageable "spaghetti-like" 

models, hindering clarity and usability. Techniques such as model simplification and 

hierarchical structuring have been proposed to address this issue (Rozinat & van der Aalst, 

2008; Mans et al., 2008). 

2. Concurrency Detection 

Identifying concurrent tasks, or activities executed simultaneously, is essential for creating 

accurate process models. Algorithms like the Alpha Miner and heuristic mining methods have 

been refined to manage concurrency effectively (Weijters & Ribeiro, 2011; van der Aalst, 

2016). 

3. Noise and Outlier Filtering 

Noise and outliers in event logs can distort process discovery results. Preprocessing 

strategies, including filtering and the application of robust algorithms, are vital for ensuring 

high-quality outputs (Buijs et al., 2014; Augusto et al., 2018). 

Addressing these challenges ensures that process model discovery yields actionable and reliable 

representations of operational processes. Suggested steps for addressing these challenges and 

improving process discovery are illustrated in Figure 4.1. When these challenges are systematically 

managed, process mining contributes significantly to process analysis, optimization, and decision-

making. 

 

Figure 9 - Process model discovery in steps (inspired by Marin-Castro et al., 2021)  

Preprocessing: The preprocessing phase is critical for preparing raw event log data for process mining. 

It encompasses tasks such as cleaning, repairing, and transforming event logs to ensure they align with 

the requirements of process mining algorithms. Key activities include removing noise, addressing 
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missing data, and standardizing formats. Techniques like event concatenation help group related 

events, while filtering eliminates irrelevant or incomplete data, thus enhancing data quality and 

algorithmic performance. Effective preprocessing ensures that event logs are structured and accurate, 

ultimately enabling reliable and efficient process discovery (Augusto et al., 2018; Buijs et al., 2014, 

Marin-Castro et al., 2021; Liu, 2023). 

Reducing Complexity: This phase simplifies event log data to enhance the efficiency and precision of 

process discovery. Dimensionality reduction techniques, such as clustering and event log abstraction, 

consolidate similar activities and remove redundant or less relevant events. These methods minimize 

the number of cases or activities, reducing data complexity and making analyses more manageable. By 

streamlining the data, this step fosters targeted insights into business processes, ensuring the 

effectiveness of subsequent discovery processes (van der Aalst, 2016; Dongen et al., 2012, Marin-

Castro et al., 2021). 

Applying Process Discovery Algorithms: Following preprocessing and simplification, process discovery 

algorithms are employed to derive actionable process models. Algorithms like Alpha Miner, Inductive 

Miner, and Heuristic Miner analyze event logs to identify patterns, dependencies, and activity 

relationships. The choice of algorithm depends on factors such as data complexity and the desired 

abstraction level. While many algorithms can function autonomously, incorporating domain expertise 

or manual refinement often improves the accuracy and relevance of the models to reflect real-world 

processes (van der Aalst, 2011; Weijters & Ribeiro, 2011,van der Aalst, 2016; Marin-Castro et al., 2021). 

Performing Conformance Checking: Conformance checking compares the discovered process models 

with actual event logs to identify discrepancies between observed and expected behavior. This step is 

essential for validating the model’s accuracy and detecting deviations in real-world operations. By 

identifying and addressing inconsistencies, conformance checking refines the process model, making 

it a more accurate representation of operational processes. These insights are instrumental in driving 

process improvement and optimization (Carmona et al., 2018; Munoz-Gama & Carmona, 2010, Marin-

Castro et al., 2021). 

4.2 ASSUMPTIONS  

Building on the insights derived from the literature review on process mining, process model discovery, 

and the integration of domain knowledge, several assumptions have been defined for the 

development of a recommendation framework for process model discovery. These assumptions are 

based on the findings of previous research and aim to address key challenges and optimize the process 

mining workflow:  

1. Diversity of Datasets: Process mining works with both synthetic and real-life datasets, each 

presenting unique challenges. Synthetic datasets offer control over the complexity of the data, 

while real-life datasets introduce noise, variability, and human error (van der Aalst, 2016; 

Weijters et al., 2018). 

2. Event Log Quality: The quality of event logs significantly impacts the accuracy of the 

discovered process models. Noisy, incomplete, or inconsistent event logs can lead to less 

accurate process models (Li et al., 2017; He et al., 2020). 
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3. Need for Preprocessing: Preprocessing is essential for transforming raw event logs into a 

suitable format for process mining. This phase includes noise reduction, missing data handling, 

and data normalization (Appice & Malerba, 2016; van der Aalst et al., 2016). 

4. Handling Noise: Noise in real-life event logs is a critical challenge. Algorithms that account for 

noise and outliers are essential to generate reliable process models (Li et al., 2017; He et al., 

2020). 

5. Complexity of Process Models: Process models derived from real-life logs often exhibit 

complexity, such as "spaghetti-like" structures, due to the irregularities in data. A framework 

that simplifies these models is necessary for better interpretability and usability (Leemans et 

al., 2013; Weijters et al., 2018). 

6. Role of Clustering: Trace clustering can be a key preprocessing step to reduce complexity by 

grouping similar event traces. This helps to handle variability and can improve the clarity of 

the discovered models (Appice & Malerba, 2016). 

7. Data Incompleteness: Missing data is a common issue in event logs. Techniques like trace 

clustering and the assignment of missing traces to the most similar clusters are essential to 

minimize the impact of incomplete data on the model (Xu & Liu, 2018). 

8. Impact of Process Discovery Algorithms: Different process mining algorithms, such as 

Inductive Miner, Heuristic Miner, and the alpha-algorithms, are suitable for different types of 

data. A recommendation framework should consider the specific characteristics of the data 

when selecting an algorithm (Leemans et al., 2013; Weijters et al., 2018). 

9. Data Format Standardization: The use of standardized formats like XES for event logs is critical 

for ensuring compatibility across process mining tools. A recommendation framework must 

consider the format of input data to guide the selection of tools and algorithms (van der Aalst 

et al., 2016). 

10. Scalability of Algorithms: As datasets grow in size and complexity, the scalability of the process 

mining algorithms becomes a significant concern. The recommendation framework should 

incorporate algorithms that can scale effectively with large datasets (van der Aalst, 2016). 

11. Integration of Domain Knowledge: A process mining framework can be enhanced by 

incorporating domain knowledge to refine process models. Domain experts can guide the 

selection of relevant events or activities, making the process model more meaningful and 

contextually accurate (van der Aalst et al., 2016). 

12. Iterative Model Refinement: Process models need to be iteratively refined, especially when 

discrepancies are found between the discovered models and the real process execution. A 

recommendation system should provide a way to identify discrepancies and suggest corrective 

actions (He et al., 2020). 

13. Real-time Analysis: In dynamic business environments, real-time process discovery and 

analysis can provide immediate insights. A recommendation framework should support real-

time event log processing and model adaptation (Weijters et al., 2018). 

14. Interpretability of Models: Process models should not only be accurate but also interpretable 

by business users. A recommendation system should focus on algorithms and techniques that 

produce models that are understandable and actionable (Leemans et al., 2013). 

15. Continuous Learning: A process mining framework should have the capacity for continuous 

learning, adapting as more event logs are processed over time. The recommendation system 

should be able to update its suggestions based on feedback and new data (Nguyen et al., 

2019). 
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4.3 RECOMMENDATION FRAMEWORK FOR CHOOSING PROCESS DISCOVERY ALGORITHM 

The existing recommendation framework for process discovery addresses common challenges in 

process discovery, guiding users in selecting the most suitable algorithm for extracting process models 

from event logs. It considers factors such as event log quality, structural complexity, concurrency, and 

specific analysis objectives. By evaluating each algorithm's strengths and limitations, the framework 

suggests the best match based on data characteristics and process requirements. This systematic 

approach enables organizations to efficiently pinpoint the ideal discovery technique, which is 

particularly useful in data-heavy settings where manual selection would be time-consuming and 

potentially less precise. 

The provided diagram illustrates a Recommendation Framework for Process Discovery, emphasizing 

structured steps for refining and generating process models. Each stage integrates both automated 

techniques and domain knowledge, ensuring effective handling of challenges commonly found in 

process mining. The framework provides a comprehensive roadmap for addressing challenges in 

process discovery through systematic steps. By blending automated discovery methods with domain 

knowledge, it ensures accurate and adaptable process models that meet real-world organizational 

needs. 

1. Data Collection and Importing: The process begins with the collection of event log data from 

organizational systems. This data is then imported for preprocessing, a crucial step in ensuring data 

suitability for further analysis. Preprocessing includes handling noise, identifying inconsistencies, and 

validating event structures (Al-Absi et al., 2023). This stage ensures that raw data is ready for accurate 

process discovery. 

2. Event Log Preprocessing: Event log preprocessing focuses on noise filtering and log sanitization, 

using techniques such as task mapping, timestamp refinement, and redundancy reduction. These steps 

aim to resolve data quality issues that could hinder process model accuracy. This phase is vital for 

addressing challenges like hidden tasks, duplicate entries, and silent activities (Al-Absi et al., 2023). 

3. Automated Process Discovery (APD): Next, APD algorithms are employed to generate initial process 

models. Tools such as the Alpha family algorithms, Heuristic Miner, Fuzzy Miner, Inductive Miner, 

Genetic Miner and Split Miner are utilized to extract processes. These methods address challenges 

including concurrency, event noise, and incomplete traces. The choice of algorithm depends on the 

characteristics of the event log and the desired outcome (Dymora et al., 2019). 

4. Interactive Process Discovery (IPD): In this phase, user feedback and domain knowledge play a 

critical role. These inputs refine the process models by resolving coarse-grained timestamps, handling 

duplicate events, and identifying silent activities. The inclusion of domain expertise allows the iterative 

improvement of process models, bridging the gap between raw data and practical insights (Schuster 

et al., 2022). 

5. Advanced Refinement: The final stage incorporates large language models (LLM) and reinforcement 

learning to address unstructured data and optimize the process model. These advanced techniques 

create a "Full APD" by integrating all components and refining the process iteratively. This ensures 
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robustness and accuracy, especially when working with complex, real-world data. The feedback loop 

remains critical throughout the framework, ensuring continuous improvement (Karn et al., 2021; 

Norouzifar et al., 2024).
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Figure 10 - Recommendation framework for process discovery
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The Alpha algorithm (α-algorithm), one of the earliest and most foundational methods in process 

mining, is designed to identify process models by analyzing event logs. It uncovers causal relationships 

and event order, making it a core tool in process discovery. However, despite its historical significance, 

the Alpha algorithm has several limitations that can be addressed by more advanced methods (van der 

Aalst, 2011; Weijters et al., 2006). 

1. Concurrency Handling: The Alpha algorithm can handle concurrency in simple cases but 

struggles with more complex, concurrent events, especially in cases involving multiple parallel 

activities (van der Aalst et al., 2003). More sophisticated algorithms, such as Heuristic Mining 

(Weijters et al., 2007) and Genetic Miner (Weber et al., 2012), use statistical and probabilistic 

approaches to detect and manage concurrency more effectively. 

2. Noise and Incomplete Logs: The Alpha algorithm assumes that the event logs are perfect, 

which makes it ill-equipped to handle noise—unexpected or incomplete event data that often 

occurs in real-life processes. Modified versions, like the Fuzzy Miner (Günther & van der Aalst, 

2007) and Interactive Process Discovery (Leemans et al., 2013), address this limitation by using 

techniques that filter out noise or adapt to noisy data, improving the robustness and accuracy 

of the resulting process models. 

3. Loops: The Alpha algorithm has limited ability to model loops, particularly nested or complex 

loops of varying lengths (Weijters et al., 2006). Algorithms like Heuristic Miner and the 

improved Alpha++, which refines the Alpha algorithm, offer better loop detection by 

leveraging more advanced heuristics and statistical methods (Weijters et al., 2013). 

4. Scalability: One of the key challenges with the Alpha algorithm is its poor scalability, 

particularly when dealing with large datasets. As process logs grow in size, the Alpha algorithm 

can become computationally expensive and less efficient. More scalable approaches, such as 

the Inductive Miner (Leemans et al., 2013) and Genetic Miner (Weber et al., 2012), have been 

developed to handle large logs with better computational efficiency, often producing more 

scalable and interpretable process models. 

In summary, while the Alpha algorithm laid the groundwork for process model discovery, its limitations 

in handling concurrency, noise, loops, and scalability have led to the development of several advanced 

algorithms. These improved methods, including Heuristic Miner, Fuzzy Miner, Inductive Miner, and 

Genetic Miner, build upon the foundations of Alpha to address its weaknesses, enabling more accurate 

and robust process discovery (Günther & van der Aalst, 2007; Leemans et al., 2013; Weber et al., 2012). 

4.4 RESULTS AND DISCUSSION 

The proposed framework significantly advances the field of process discovery by addressing 

longstanding challenges. By incorporating advanced preprocessing techniques, the framework ensures 

that raw data is transformed into clean, structured event logs, which are essential for accurate and 

meaningful process discovery. The integration of automated algorithms for model generation 

introduces scalability, enabling the efficient handling of large and complex datasets. Furthermore, the 

use of incremental discovery ensures that domain expertise remains central to the process, mitigating 

the risk of producing models that lack practical relevance. 
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It is worth mentioning that advanced refinement methods, such as Large Language Models (LLMs) and 

reinforcement learning, enhance the framework's robustness, enabling it to navigate complex 

scenarios, including unstructured and heterogeneous data. While the ultimate goal of fully automated 

process discovery remains achievable, incorporating domain knowledge into algorithms poses a 

significant challenge due to the difficulty of standardizing and formalizing such expertise. This 

highlights the need for ongoing research into methodologies that seamlessly embed domain 

knowledge into automated discovery processes. 

A persistent challenge in process discovery lies in the quality of event logs. The framework raises an 

important question: should efforts prioritize improving database quality, or should the focus shift to 

developing techniques capable of mining accurate models from suboptimal event logs? Despite the 

framework's robustness, its performance may be constrained when initial data collection is incomplete 

or poorly structured. This underscores the need for better practices in data management and 

collection at the organizational level. 

Additionally, while the iterative nature of the framework is a strength, it necessitates sufficient domain 

expertise at various stages. Organizations with limited access to experienced analysts may face 

difficulties in leveraging the framework to its full potential. Addressing this gap through training 

programs or developing user-friendly tools could further enhance the framework's accessibility and 

applicability. 

In conclusion, the proposed framework represents a significant step forward, striking a balance 

between automation and human expertise. It provides a flexible and effective solution for real-world 

process discovery, while its scalability and adaptability make it well-suited to diverse organizational 

contexts. However, continuous improvement in data quality and integration of domain knowledge 

remain key priorities for the advancement of fully automated and reliable process discovery. 

4.5 MID-TERM VALIDATION 

This interview, conducted midway through the thesis process, aimed to validate and refine the 

recommendation framework being developed. The process mining expert from Celonis (referred to as 

"the Expert") provided insightful feedback on the application and improvement of process discovery 

algorithms. Specifically, the Expert highlighted key challenges in event log repair and emphasized the 

importance of validating the proposed framework using real-world data, particularly in complex cases 

such as loops and incomplete logs. Furthermore, she recommended integrating qualitative insights, 

such as expert knowledge, to enhance the interpretation of event log data, offering a richer 

understanding of process mining. Her feedback combined both theoretical and practical perspectives, 

underscoring the need for further exploration and testing to ensure the framework’s relevance and 

applicability in industry contexts. These insights were incorporated into the development of the 

recommendation system, advancing the thesis toward a more robust and industry-aligned solution. 

The following questions were discussed during the interview, with a summary of the responses 

provided afterward: 

Q1: From a research perspective, how do you perceive the usefulness of the proposed 

recommendation system for process discovery algorithms? Do you think it addresses key challenges in 

event log repair and algorithm selection? 
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Q2: What recommendations or suggestions do you have for improving the effectiveness of the 

recommendation system, particularly in terms of validation on real-world data and handling complex 

scenarios such as loops and incomplete logs? 

Q3: Are there any additional comments or potential concerns you have about the proposed analysis 

or methodology? For example, do you see any areas where further refinement or expert insights could 

enhance the results or applicability in industry? 

Summary of Interview Responses 

1. Usefulness of the Recommendation System (Q1): From a research perspective, the Expert 

views the concept of the proposed recommendation system as highly valuable, particularly the 

focus on repairing event logs, which aligns with growing research interest. The introduction of 

probabilistic methods, such as stochastic event blocks, is gaining traction in both academic and 

industry settings. While the system presents a promising theoretical framework, the Expert 

emphasizes the importance of further validation with real-world data to assess its practical 

application. She notes that event log repair, particularly in the context of incomplete logs and 

loops, remains a key challenge, which the proposed recommendation system addresses 

effectively. 

2. Suggestions for Improving the System (Q2): The Expert suggests enhancing the system by 

validating it with actual data, particularly in scenarios involving loops and incomplete logs. She 

recommends conducting a comparative analysis of algorithm performance across various real-

world datasets, including industry-specific cases such as purchase-to-pay or order-to-cash 

processes. By testing the algorithms on real data, the system can better assess how these 

challenges manifest in different sectors, ensuring its relevance and effectiveness. Additionally, 

she advocates for a broader exploration of industry-specific use cases to refine the algorithm 

selection recommendations further. 

3. Additional Comments and Potential Issues (Q3): The Expert commends the systematic and 

thorough nature of the analysis, particularly the integration of both qualitative and 

quantitative methods. She highlights the value of expert insights in interpreting event log data, 

suggesting that expert interviews could complement the quantitative analysis and provide 

deeper contextual understanding of the data. Incorporating qualitative insights into future 

stages of the study, especially when testing real-world scenarios, would enhance the practical 

applicability and robustness of the findings. Angela also emphasizes the importance of 

qualitative data in understanding the narrative behind the logs, which could lead to richer, 

more actionable results. 
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5. CONCLUSIONS AND FUTURE WORKS 

5.1. SYNTHESIS OF DEVELOPED WORK 

The proposed framework for process mining effectively integrates both automated techniques and 

domain knowledge, addressing the complexities typically encountered in real-world applications. It is 

structured into several distinct stages that collectively ensure the production of robust and adaptable 

process models. Starting with the data collection and preprocessing phase, the framework addresses 

common challenges such as noise, inconsistencies, and redundant data, ensuring that raw data is 

transformed into a suitable format for analysis. Automated Process Discovery (APD) techniques 

provide an initial process model by extracting meaningful patterns from the event logs while handling 

challenges like concurrency, missing data, and noise in traces. Building upon this, Iterative Process 

Discovery (IPD) further refines the model by incorporating domain knowledge, enhancing the model’s 

relevance and providing actionable insights for the business context. Finally, the advanced refinement 

stage employs machine learning techniques to further enhance the model’s adaptability and accuracy, 

ensuring it can adjust to dynamic changes in organizational processes. This multi-stage approach 

makes the framework highly adaptable, providing not just accurate models but also ones that evolve 

with changing business needs. 

The framework's strength lies in its ability to merge automated discovery with expert-driven insights, 

ensuring the resulting process models are not only accurate but also tailored to the specific operational 

context of the organization. This methodology, while grounded in existing process mining techniques, 

pushes the boundaries by refining models iteratively and leveraging advanced technologies such as 

machine learning, ensuring they remain relevant over time. 

5.2. LIMITATIONS 

Despite its strengths, the proposed framework is not without limitations. One of the key challenges is 

its reliance on high-quality input data. While the framework is effective at preprocessing data and 

mitigating issues such as noise and inconsistencies, the success of the process discovery is still 

dependent on the quality of the initial event logs. In practice, data quality issues such as missing or 

incomplete traces could still undermine the accuracy of the discovered models, especially in more 

complex scenarios. 

Another limitation is the computational cost associated with the more advanced stages of the 

framework, such as the machine learning-based refinement. These techniques can be resource-

intensive, requiring significant computational power, which may be a barrier for organizations with 

limited technical infrastructure. Additionally, the iterative nature of IPD can be time-consuming, 

especially in larger or more complex processes, potentially delaying the time to insight for 

organizations seeking rapid process optimization. 

Lastly, while the framework incorporates domain knowledge, its success heavily depends on the 

expertise available to provide meaningful input during the iterative discovery and refinement stages. 

This dependence on human input may limit the scalability of the framework across industries where 
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domain expertise may not be readily available or where processes are too variable to define clear, 

consistent models. 

5.3. FUTURE WORK 

Future research should focus on enhancing the framework's scalability and applicability across various 

industries. One promising avenue is the integration of emerging technologies such as advanced AI and 

natural language processing (NLP). These technologies could improve the interpretability of process 

models, making them more accessible to business users without deep technical knowledge. NLP could, 

for instance, help bridge the gap between event log data and human-readable process models, 

facilitating better communication between technical and non-technical stakeholders. 

Additionally, developing automated mechanisms that can detect and adapt to changes in business 

processes will be crucial for improving the framework’s robustness and real-time capabilities. The 

dynamic nature of business environments demands agile process mining solutions that can update 

process models as new data becomes available. This feature would be particularly beneficial in 

industries where processes are highly dynamic, and agility is critical. 

Scalability studies are another important direction for future work. Testing the framework in diverse 

industrial settings will help validate its applicability across different domains and ensure that it can 

handle the unique challenges posed by each. This could include experimenting with larger datasets or 

more complex process types to evaluate the framework’s performance and efficiency under varying 

conditions. 

Finally, exploring the potential for real-time process discovery would be a valuable next step. This 

involves continuously updating the process model as event logs are generated, allowing businesses to 

monitor and optimize their operations in real-time. Given the growing demand for operational agility, 

aligning the framework with the real-time needs of organizations could significantly enhance its value. 
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APPENDIX A. MID-TERM VALIDATION INTERVIEW TRANSCRIPT 

Researcher: Thanks. Let me just open this. So, this master’s thesis is dedicated to process discovery 

algorithms, focusing on qualitative research based on an extensive literature review, with some parts 

involving a systematic literature review. I used the Scopus database for the articles, leveraging its 

repository for thorough analysis. The thesis title addresses key challenges in discovering process 

models from repaired event logs. Often, our databases are not very “clean,” meaning there are 

various types of noise and other issues like loops or incomplete logs that make process model 

discovery challenging. 

Different algorithms have been identified and grouped through literature review. I aimed to map and 

categorize them, also providing recommendations on how to choose specific algorithms for different 

scenarios, such as incomplete logs or loops. My research question is dedicated to mapping these 

algorithms and offering recommendations for selecting them based on distinct situations. This will 

involve schemes and steps for choosing algorithms effectively. 

In the thesis, I present three main types of process mining: process discovery, conformance checking, 

and enhancement. My focus is primarily on process discovery within process mining. I divided the 

research design into four stages, followed by a conclusion. First, I investigated the various types of 

algorithms through a literature review, identifying as many process discovery algorithms as possible 

using Scopus with relevant keyword combinations. This information will also be included in the 

dissertation. 

I validated some aspects of my findings with ChatGPT, checking specific formulations to ensure I had 

captured all relevant articles, as ChatGPT can serve as an additional literature review tool with web 

access. My primary sources remain Scopus, applying filtering and systematic literature review steps. 

ChatGPT helped validate certain aspects, ensuring comprehensive coverage of the algorithms. 

Initially, I intended to conduct quantitative analysis and test the algorithms on different datasets. 

However, accessing databases presented challenges, partly due to privacy concerns and limited 

database availability, especially in Armenia. Consequently, I focused on qualitative research, 

performing comparative analyses to assess the algorithms. I also assigned scores to the algorithms 

based on different criteria, evaluating their utility in specific scenarios. 

In the end, I created four simplified models, or steps, to provide recommendations for algorithm 

selection across various situations. The conclusion synthesizes all findings, grouping algorithms into 

four categories and discussing challenges across databases with differing issues. These 

recommendations suggest a possible automation system, which could be implemented through a 

script—something I plan to discuss as a future research avenue. 

I reviewed around 400 articles from Scopus, filtering them to approximately 220-250 relevant ones, 

and ultimately used 32 articles for the core thesis. The entire list is available in the annex. The 

research steps involved filtering, grouping algorithms, assigning scores based on specific criteria, and 

providing a recommendation system illustrated through simple models. I used around 11 criteria for 

scoring, supported by literature that also informs the criteria. 
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This study can also apply to conformance checking and reinforcement methods. I plan to validate 

some aspects further through expert interviews. In the second phase, I developed decision trees to 

depict the recommendation system, evaluating algorithms based on metrics. The process discovery 

basics include filtering event logs from databases, identifying algorithms, and exploring elements 

such as control flow and resources. 

For cases with incomplete event logs, I included specific algorithms to assist in mining models. 

Similarly, in scenarios with loops, I categorized free loops and short loops and identified algorithms 

suitable for these conditions. Additionally, I highlighted the noise, incompleteness, and loops as key 

challenges. I also discussed alternative process discovery approaches, such as time-based and 

stochastic process models. 

That’s an overview of my thesis. I’m open to feedback on its usefulness and any recommendations 

for further analysis, which could strengthen the validation section. 

Shall we go through the questions one by one? 

The Expert: Yes, let’s proceed. 

Researcher: Perfect. First of all, looking at this from a research perspective, is it useful for 

researchers? 

The Expert: I think, in general, the concept of a repaired event block and understanding how to 

optimally repair one is incredibly valuable. There's a lot being done in this field right now. For 

instance, are you familiar with the concept of a stochastic event block? This involves a probabilistic 

understanding of an event block, where you consider whether something occurs or doesn’t occur 

with a certain level of certainty. This approach aligns with current research directions and has been 

receiving a lot of attention in the past couple of years. Research interest in this area has picked up 

recently, and although it's still primarily in the research phase, I believe it will be relevant in industry 

within the next few years. 

To give some insights, we at Celonis, for example, are already having initial discussions on what can 

be done regarding event block repair and finding optimal methods for doing so. Currently, our 

software does not have extensive functionality for this; while it allows some preliminary data 

adjustments before loading into Celonis, there’s no direct feature for event block repair at the 

moment. However, it's something that interests us greatly, and we're beginning to investigate it 

further. We're looking at the latest research to understand the best practices for this area, as we 

believe it’s already a trending topic in research and will soon gain traction in industry as well. I 

anticipate that in a year or two, we’ll see implementations of these methods in software. 

Researcher: All right, onto the next question: What recommendations or suggestions would you 

consider for improving the proposed recommendation system? 

The Expert: It hasn't been extensively tested on real datasets, so I’m not certain if what I found in the 

literature is directly applicable. For example, there might be an article about a specific algorithm, but 

I couldn’t find relevant studies on its usage. So, I think what you did in terms of comparing different 

algorithms and the mechanisms behind them is solid. At this point, it's mostly theoretical. I think the 
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next step—if you were to continue this as a project post-thesis—would be to test it on actual data. 

This could involve finding datasets that include the exact challenges you've presented, such as loops 

and other complex cases. 

I would love to see a comparative analysis of how these different algorithms perform on real data, 

including all the challenges you mentioned. You might also conduct an industry check-in to confirm 

the relevance of these challenges in different sectors, like analyzing how often loops occur in a 

purchase-to-pay or an order-to-cash process. Despite the unique characteristics of each dataset, 

certain challenges, like maverick buying and price changes in purchase-to-pay processes, are 

common across organizations. By examining these scenarios with theoretical concepts, we can 

narrow down likely outcomes in these processes and see how different algorithms handle event log 

repair. 

Another direction could be to apply these insights across core process mining areas, like purchase-to-

pay, order-to-cash, accounts payable, and accounts receivable, to determine how they apply to each 

field on real data. I believe this would be a valuable next step. 

Researcher: Great, thank you. And finally, do you have any additional comments on the proposed 

analysis, besides what you’ve mentioned? Any potential issues, perhaps? 

The Expert: No, I think the approach is systematic, thorough, and well-structured. One aspect I 

particularly liked about your thesis is the incorporation of qualitative insights alongside quantitative 

ones, which I find practically relevant. When it comes to data repair, it’s often about understanding 

what actually happened in the process. This is where qualitative analysis can complement process 

mining, which is typically more quantitative. Combining process mining with interviews or discussions 

can enrich the data insights. You could bring process mining event logs into interviews and ask about 

specific instances to get a narrative behind the data. This approach of integrating quantitative 

findings with expert knowledge could be expanded upon. 

Having both quantitative and qualitative perspectives enhances the analysis. So, I’d suggest further 

consideration of this step, either as an integral part of the study or in later stages when testing the 

data, as qualitative insights provide valuable context. 

Researcher: Thank you, Angela. That was very helpful. 

The Expert: Perfect. I’m glad it helped. 

Researcher: Sometimes shorter, targeted discussions can be more beneficial than longer meetings. 

Testing this on real data and scenarios would definitely add value. I envision two stages for testing: 

first, on fabricated datasets containing loops, noise, and other challenges, and then on real-world 

scenarios relevant to fields like purchase-to-pay and accounts receivable. This can also be combined 

with qualitative insights and expert knowledge to identify patterns and best practices in commonly 

used cases. This is a very promising direction. Thank you very much. 

The Expert: You’re welcome! Please let me know if you need anything else. I’ll send over the 

recording shortly. Thank you again. 
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