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1. Introduction

In recent years, organizations have increasingly relied on enterprise information systems, such
as Enterprise Resource Planning (ERP), Customer Relationship Management (CRM), and
workflow management systems. These systems not only support the execution of business
processes but also continuously record substantial volumes of event data. Such data, stored in
the form of event logs, provide detailed traces of how processes are actually executed, including
the sequence of activities, resource allocations, and the flow of cases over time. Access to these
data enables organizations and researchers to analyze processes beyond predefined designs and
instead examine them based on their real operational behavior.

Within this context, process mining has emerged as a data-driven approach that bridges
Business Process Management (BPM) and data science, allowing the extraction of meaningful
knowledge from event logs (van der Aalst, 2016). Unlike traditional BPM approaches, which
primarily rely on expert interviews, analytical workshops, or manual modeling, process mining
utilizes data generated during the actual execution of processes to reconstruct models grounded
in empirical evidence. This capability has gradually established process mining as a significant
research area in academia and a practical tool in industry (Augusto et al., 2019; van der Aalst
etal., 2011). Numerous studies have also highlighted the growing application of process mining
in domains such as healthcare, financial services, manufacturing, and smart service systems
(Marrella, 2019; Rebuge & Ferreira, 2012; Rojas et al., 2016).

Generally, process mining encompasses three main areas: process discovery, conformance
checking, and process enhancement (van der Aalst, 2016). Among these, process discovery
plays a central role as it often represents the starting point for subsequent analyses. Process
discovery aims to automatically extract a process model from event logs without relying on
prior knowledge of the process structure. The resulting model serves as the foundation for
further analyses such as conformance checking and performance evaluation; therefore, the
quality of the discovered model directly affects the validity of these subsequent analyses.
Consequently, evaluation criteria, such as fitness, precision, generalization, and simplicity,
have received significant attention in the literature (Adriansyah et al., 2011; Buijs et al., 2014).

Since the introduction of the Alpha algorithm as one of the earliest process discovery
techniques (van der Aalst et al., 2004), numerous studies have attempted to address its
limitations, including sensitivity to noise, structural complexity, and scalability issues.
Heuristic-based methods, such as the Heuristics Miner, sought to improve robustness against
noisy data by exploiting the frequency of relationships between events (Weijters & van der
Aalst, 2003). Subsequently, inductive approaches, such as the Inductive Miner, provided
guarantees regarding the structuredness of discovered models, representing a significant step
toward improving the practical usability of process discovery results (Leemans et al., 2013;
Leemans et al., 2014). More advanced techniques have since been proposed, including
probabilistic modeling, decomposition strategies, and metaheuristic methods aimed at
improving stability and scalability (Augusto et al., 2019; Carmona et al., 2022).

Alongside these developments, increasing attention has been directed toward integrating
machine learning and deep learning techniques into process discovery. These approaches,
particularly when dealing with large, variable, or incomplete logs, have demonstrated the ability
to identify more complex control-flow patterns (Camargo et al., 2019; Pasquadibisceglie et al.,
2020; Tax & Van der Aalst, 2016). However, the adoption of these methods not only addresses
existing challenges but also introduces new concerns, including reduced model interpretability
and a lack of consensus on appropriate evaluation frameworks.

Despite these advancements, the existing review literature on process discovery remains
limited in several important respects. First, many previous reviews concentrate on specific
families of algorithms (e.g., heuristic-based or inductive approaches) rather than providing a
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comprehensive synthesis of the entire methodological landscape. Second, prior reviews often
emphasize technical algorithmic descriptions while offering limited discussion of evaluation
criteria, scalability considerations, and practical applicability in real organizational
environments. Third, emerging research directions—such as object-centric process discovery,
hybrid Al-driven approaches, and data-intensive discovery techniques—are often examined
separately rather than within an integrated analytical framework. As a result, existing review
literature provides valuable but fragmented insights into the evolution and comparative
characteristics of process discovery methods.

These limitations underscore the need for a comprehensive and systematically structured
review that integrates methodological developments, evaluation practices, and emerging
research directions within a unified perspective. Such a synthesis is particularly important for
both researchers and practitioners, as the growing diversity of algorithms and modeling
approaches makes it increasingly difficult to understand their relative strengths, limitations, and
applicability in real-world contexts.

Accordingly, this paper presents a systematic review of process discovery methods in
process mining. Unlike previous reviews that focus on narrow subsets of techniques or specific
application domains, this study provides an integrated analysis of process discovery methods
by combining three complementary perspectives: the methodological classification of existing
approaches, the examination of evaluation practices used to assess discovered models, and the
identification of emerging research trends and unresolved challenges.

The main contributions of this study are threefold. First, the paper synthesizes fragmented
research on process discovery by offering a structured classification of dominant
methodological approaches. Second, it analyzes the evaluation criteria and experimental
practices used in the literature, providing insights into how the quality of discovered models is
assessed. Third, it identifies key research gaps and challenges—including issues related to
scalability, interpretability, and integration with advanced data-driven techniques—that shape
future research directions in process mining. To ensure methodological rigor and transparency,
this review follows established guidelines for systematic literature studies in software
engineering and information systems (Kitchenham, 2004; Petersen et al., 2015), enabling a clear
and reproducible process for study selection, analysis, and synthesis.

2. Theoretical Foundations and Related Work

Process mining, as an emerging and interdisciplinary field within data science, plays an
important role in improving operational efficiency and supporting organizational decision-
making. By leveraging data recorded in information systems, this field enables the modeling,
analysis, and improvement of real organizational processes (van der Aalst, 2011). Process
mining can be considered a step beyond traditional data mining, as its focus extends past simple
pattern discovery to the reconstruction of the behavioral and control-flow structures of
processes. Through the extraction of knowledge from event logs, process mining techniques
enable the automatic discovery of process models, the assessment of conformance between
actual behavior and existing models, and the enhancement and enrichment of implemented
organizational process models (van der Aalst, 2016). These capabilities have made process
mining an effective tool in business process management, software system analysis, and the
optimization of organizational operations, attracting significant attention from both researchers
and practitioners. Accordingly, the research background related to the present study is
summarized in Table 1.

To identify prior research related to process discovery methods in process mining, a
systematic and multi-stage search strategy was adopted. To achieve this, several major
international databases, including Google Scholar, IEEE Xplore, Springer, and Scopus
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(Elsevier), as well as the Iranian academic database Noormags, were examined. The search was
conducted focusing on titles, abstracts, and keywords, using combinations of the main terms
“process mining,” “process discovery,” and “algorithm,” along with the logical operators AND
and OR, in order to achieve comprehensive coverage of relevant studies.

The search covered the period from 2000 to 2023, a time-frame that encompasses both the
early emergence of process mining and the recent developments in the field. Given the large
volume of retrieved studies and the considerable overlap among some of them, particular
attention was paid during the screening phase to the selection of the most relevant and
influential works. Ultimately, a summary of the identified studies is presented in Table 1,
providing a clear and traceable overview of the research trends in this area.

Table 1
Review of Related Studies

process discovery

automated algorithms in

R h
Article/Study Title I\?Iii::)cd Research Objective Key Findings Citation
Major process discovery
Examining th lgorith h .
A Survey of Process . .xarlmnmg © 4 g(?rl, s Such as Dioses &
.. Literature | application of process Heuristic, Alpha, and
Mining for Customer . . . . . . Cordova
review discovery in customer | Inductive Miner are widely
Management . . . (2025)
experience analysis used in customer process
analysis.
. Investigating The appropriate se}ection of
On Process Discovery . . evaluation metrics and
. . Applied/ex | practical challenges ) .
Experimentation: crimental | in experimentine with experimental datasets is one Rehse
Addressing the P P : g of the most critical (2024)
study process discovery . .
Challenges ) challenges in assessing
algorithms )
process discovery methods.
Investigating the
phenomenon of Traditional models assume )
. o - Vecino
A Survey on Concept Literature concept drift in process stability and are not Sato et al
Drift in Process Mining review process mining and well suited for dynamic or (2021 '
its impact on process evolving processes.
discovery
Examining Key challenges include data
Event Log Generation: Empirical challenges related to . qualit}f and in.form?tion Kampik &
: generating event logs | integration, which directly Weske
An Industry Perspective study o .
and their impact on affect process discovery (2022)
process mining outcomes.
Comparing Ordering o Investigating t}}e r(')le Proper 9rdering strategies Huang &
. Algorithmi | of event ordering in can improve model van der
Strategies for Process .
Discovery c study the quality of accuracy and reduce Aalst
discovered models computational time. (2023)
Evaluating the
Log Skeletons: A . Verbeek &
Class(:f'lcatfoz (/)%ns roach Conceptual | - effectiveness of log bog skeleton models deeéaiealho
v
. PP research skeleton models in outperform some fully
to Process Discovery (2018)
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behavior classification
tasks.
Process Mining . .
. . o . Process discovery is one of
Techniques and Systematic Identifying active Dos Santos
. . .. the core research themes .
Applications: A mapping research topics in . Garcia et al.
Systematic Mappin stud rocess minin and has broad applications (2019)
4 Pping Y P & across domains.
Study
L .. Early research focused on
Process Mining in Examining research Y . . .
. . ) process modeling, while Norouzi &
Organizational Systematic | needs and trends in .
- . . more recent studies Yelveh
Environments: A review organizational .
. . .. emphasize real (2025)
Systematic Review process mining . .
organizational applications.
Investigating the Integrating machine
Integration of Machi . integration of learni i th .
ntegra .10n .0 achine Literature in egra ion q earnlgg can 1@prove e Lee & Kim
Learning in Process review machine learning quality of discovered (2023)
Discovery with process process models but requires
discovery methods high-quality data.
) Presenting advanced .
Review 6 S kv f Introduces the Inductive
.. rameworks for .
Robust Process Mining | book/conc . : Miner framework and Leemans
; discovering and . .
with Guarantees eptual : discusses quality guarantees (2022)
evaluating process ..
framework in discovered models.
models
Reviewing )
. . Algorithms must capture .
Customer-Centric . specialized process .. Dioses &
) Article . stage-based and decision-
Process Discovery ) discovery methods } . Cordova
review ) oriented states within event
Approaches for customer journey logs (2025)
analysis £s-
. Explainable approaches
Examining hel I;nte ret nf(?dels more
Explainability in Process | Literature explainability P . P e Mehdiyev
. ) ) effectively and highlight
Mining: A Survey review methods in process . . et al. (2023)
. interpretability challenges
mining .o
in discovered processes.
. Investigating Unstructured data increases
Process Mining for . . . .
Literature challenges of analytical complexity and | Koschmider
Unstructured Data: . . .
. review unstructured data in requires advanced (2024)
Challenges and Solutions . . .
process mining preprocessing techniques.
Analyzing scalability
Scalable Process Framewor | challenges in process Proposes frameworks to van der
Discovery and k-based discovery and improve scalability for Aalst
Conformance Checking research conformance large event logs. (2016)
checking
Robotic Process . o e : : .
i i Systematic Examining the role of | Process mining can identify | E|.Gharib
Automation Using review process mining in automatable process (2023)

Process Mining

supporting RPA

structures but requires
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through process careful event log
discovery preprocessing.

Data quality is identified as

Investigating data ..
gatng one of the most critical

Dat lity in P Syst ti
ata Quality in Process ystematic quality challenges Salehi et al.

Mining: A .Systematic revijcw and their impact on challengés for applying (2023)
Review (Persian) . process discovery in real
process discovery .
environments.
3. Methodology

This study adopts a Systematic Literature Review (SLR) approach to provide a comprehensive
and transparent synthesis of research on process discovery methods in process mining. The
review process follows the PRISMA guidelines and was conducted through a structured
sequence of activities, including literature search, screening, eligibility assessment, quality
evaluation, and final analysis.

The literature search was performed across several major academic databases, including
Google Scholar, IEEE Xplore, Springer, Scopus (Elsevier), and the Iranian scientific database
Noormags. These databases were selected to ensure broad coverage of peer-reviewed journal
articles and conference papers in the fields of process mining, information systems, and
computer science. The search strategy was designed iteratively and employed combinations of
the keywords “process mining,” “process discovery,” and “algorithm” using logical operators.
The search was applied to titles, abstracts, and keywords. Both English and Persian publications
were considered, and the search covered studies published between 2000 and 2023. This
process initially identified 4,940 records.

All retrieved records were merged into a single dataset, and duplicate entries were removed
using a combination of automated filtering and manual verification. The remaining studies were
then screened based on their titles and abstracts. During this stage, several exclusion criteria
were applied. Studies were excluded if they were unrelated to process mining, did not focus on
process discovery, represented non-scientific materials such as tutorials, editorials, or reports,
or lacked a clear methodological contribution.

The full texts of the remaining articles were then examined based on predefined inclusion
and exclusion criteria. To be included in the review, studies had to explicitly address process
discovery within process mining, propose, evaluate, or compare a process discovery method or
algorithm, be published as a peer-reviewed journal or conference paper, and provide sufficient
methodological detail to allow interpretation and comparison. Studies were excluded if their
primary focus was on other areas of process mining, such as conformance checking or process
enhancement, if they only mentioned process discovery marginally, if they lacked
methodological clarity, or if they represented preliminary or duplicated versions of previously
published work.

Following the eligibility assessment, a quality evaluation process was conducted to ensure
the methodological robustness of the selected studies. Each article was assessed according to
several quality criteria, including the clarity of the proposed method or algorithm, the adequacy
of the methodological description, the presence of experimental evaluation or empirical
validation, and the overall relevance to process discovery research. Studies that did not meet
the minimum quality standards were excluded from further analysis. After completing the
screening and quality assessment stages, a total of 138 studies were retained for the final
analysis, and the entire selection process was documented using a PRISMA flow diagram.

For the selected studies, a structured data extraction process was performed. Key
information was collected from each article, including publication year, publication venue
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(journal or conference), the type of process discovery method employed, the modeling
techniques used, evaluation approaches, characteristics of the event logs or datasets, and
application domains.

To analyze the collected data, descriptive statistical methods were used to examine
publication trends from 2000 to 2023, the distribution across journals and conferences, and the
evolution of methodological approaches. Time-series trends were further analyzed using
ARIMA models, with model validity evaluated through ACF and PACEF tests.

In addition to statistical analysis, an iterative thematic analysis was conducted to identify
the main methodological patterns within the selected studies. During this process, the extracted
methodological characteristics of the studies were repeatedly reviewed, compared, and grouped
based on conceptual similarities. Through this iterative coding and refinement process, the
studies were ultimately organized into four main categories of process discovery approaches:
algorithmic and heuristic approaches, rule- and constraint-based approaches, probabilistic and
sequence-based models, and machine learning and deep learning-based methods.

Throughout the entire review process, all stages—from search and screening to data
extraction and analysis—were carefully documented and conducted using consistent criteria.
Adherence to the PRISMA framework enhances the transparency, reproducibility, and
reliability of the review. This methodology therefore provides a systematic and structured
synthesis of existing knowledge on process discovery methods while enabling the identification
of research trends, methodological developments, and remaining challenges in the field.

Identification ‘ l Screening Eligibility ‘ ‘ Included
Records identified through Records after duplicates
database searching removed (n=3,870)
(n=4,940)
v

Records screened || Records excluded
(n=3,870) (n=3,120)

Records screened || Full-text articles assessed, | | Studies included in
(n=3,870) for eligibility (n = 750) qualitative synthesis

(n=138)
Figure 1

PRISMA Flow Diagram of the Study Selection Process

4. Results

This section presents and analyzes the findings derived from the systematic review of 138
selected articles. The analysis mainly focus on identifying the dominant approaches to process
discovery, examining prevailing research trends, and extracting recurring challenges reported
in the literature. Given the breadth of the topic and the heterogeneity of the studies in terms of
objectives, datasets, and applied methodologies, the results are reported at a high-level
analytical perspective to provide a coherent and generalizable overview of the state of research
in this field.

5. Main Approaches to Process Discovery

The review of the selected studies indicates that process discovery methods can be categorized
into four major approaches (Table 2). Among these, algorithmic and rule-based approaches are
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considered the classical core of process mining. Due to their high interpretability, well-defined
formal structure, and ability to support behavioral analysis of process models, these methods
continue to hold a dominant position in the literature (Leemans et al., 2013; Van der Aalst et
al., 2004). However, the sensitivity of these algorithms to noise and the complexity of real-life
event logs has introduced limitations for their practical application.

In response to these challenges, heuristic-based methods have been developed, relying on
the frequency and strength of relationships between events. These approaches offer greater
flexibility when dealing with incomplete or noisy data and have been widely used in empirical
studies analyzing real event logs (Weijters & Van der Aalst, 2003). Nevertheless, a reduction
in the formal accuracy of resulting models in certain scenarios is considered one of the main
limitations of this category of methods.

The third category includes evolutionary and optimization-based approaches, which are
designed to simultaneously optimize multiple model quality criteria, such as fitness, simplicity,
and generalization. These methods generally provide greater flexibility in discovering complex
process structures. However, their high computational cost and long execution times have
limited their widespread adoption, particularly in large-scale industrial environments (De
Medeiros et al., 2007).

In recent years, data-driven and machine learning-based approaches have emerged as a
growing trend in process discovery research. These methods—particularly sequence-based
models and neural networks—have demonstrated a stronger capability in identifying complex
control-flow patterns and handling large, dynamic event logs (Evermann & Tax, 2017; Tax &
Van der Aalst, 2016). However, the findings suggest that the increased modeling power of these
approaches is often accompanied by reduced interpretability and the absence of standardized
evaluation frameworks, an issue that remains an open challenge in the literature.

Table 2
High-level Classification of Process Discovery Approaches (Aligned with “Approaches” in the Article Title)

Rule-based/Algorithmic Formal guarantees, high Alpha Miner, van der Aalst et al.
interpretability, structured Inductive Miner (2004); Leemans et
discovery al. (2013)
Heuristic-based Noise-tolerant, Heuristic Miner Weijters & van der
frequency-driven discovery Aalst (2003)
Evolutionary/Meta-heuristic Multi-objective Genetic Process de Medeiros et al.
optimization, flexible model Mining (2007)
search
Data-driven/ML-based Scalability, adaptability, Clustering-based, Evermann et al.
pattern learning Neural models (2017); Tax & Van

der Aalst (2016)

6. Identified Research Trends

An examination of the temporal and thematic distribution of the selected studies indicates that
research on process discovery has gradually shifted over the past two decades from a primary
focus on classical algorithms toward the integration of diverse approaches and the utilization
of artificial intelligence techniques and real-world data (Table 3). A high-level analysis of the
findings reveals several recurring research trajectories, which are discussed below.

First, the growing tendency toward hybrid approaches emerges as one of the most
prominent trends. In these studies, researchers attempt to combine traditional algorithmic
structures with machine learning capabilities to enhance the flexibility and adaptability of
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process models (Evermann & Tax, 2017; Van der Aalst, 2016). The primary objective is to
improve the model’s ability to handle noisy data while minimizing the interference caused by
process complexity. These hybrid approaches represent a convergence between formal process
modeling and data-driven learning, thereby opening new directions for future research.

A second observable trend is the increasing attention to noisy and non-ideal event logs,
reflecting the research community’s movement toward real-world and industrial applications
of process mining. In contrast to earlier studies that often relied on simulated or controlled
datasets, recent research places greater emphasis on complex real-life event logs (Mannhardt et
al., 2016). Nevertheless, the use of large-scale industrial datasets remains relatively limited.
This limitation is primarily associated with organizational confidentiality concerns and
restricted access to operational data (Bose et al., 2012), a challenge that is particularly evident
in sectors such as financial services and healthcare.

A third notable trend is the emergence of online process discovery as a developing research
area. This line of research focuses on analyzing streaming event data in order to monitor and
model processes in real time (Van Zelst et al., 2018). Despite the significant potential of this
approach for supporting real-time decision-making, the findings indicate that current research
remains at an early stage of development. Technical aspects, scalability issues, and evaluation
methodologies still require further advancement.

Overall, the temporal and thematic analysis of the literature suggests a gradual transition
from formal, algorithm-centric approaches toward data-driven and adaptive models. This shift
has been accelerated by the increasing volume of organizational data and the growing
complexity of business processes. While this new direction enhances the practical applicability
of process discovery methods, it simultaneously raises new questions regarding interpretability,
transparency, and model validity—issues that are discussed in greater detail in the challenges
Section.

Table 3

Identified Research Trends in Process Discovery (Aligned with “Trends” in the Article Title)

Shift towards hybrid Combination of classical Increasing number of ~ van der Aalst (2016);
approaches miners with ML hybrid proposals after Evermann et al.
techniques 2016 (2017)
Increased focus on noisy Emphasis on robustness Frequent use of Mannhardt et al.
real-life logs over formal optimality heuristic and filtering (2016)
mechanisms
Limited use of large-scale Predominance of Recurrent limitation Bose et al. (2012)
industrial logs benchmark or synthetic statements
datasets
Emerging interest in Early-stage research with =~ Few but growing studies = van Zelst et al. (2018)
online/streaming limited adoption
discovery

7. Common Challenges in the Process Discovery Literature

Despite the considerable diversity of approaches and the methodological advancements
reported in the process discovery literature, the systematic review reveals that several recurring
challenges remain unresolved. These challenges are largely interdisciplinary in nature and are
not limited to a single category of methods; rather, they appear across most research streams in
the field.

One of the most prominent challenges concerns the scalability of process discovery
methods when dealing with large, complex, and heterogeneous event logs. This issue is
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particularly evident in evolutionary and data-driven approaches, where increases in data volume
directly led to higher computational costs and longer execution times (Bose et al., 2012; Tax &
Van der Aalst, 2016). Although some studies have proposed techniques such as process
decomposition, probabilistic modeling, and metaheuristic methods to mitigate this limitation,
the evidence suggests that scalability remains one of the primary barriers to the widespread
industrial adoption of these techniques.

Another major challenge is the decline in model interpretability, particularly in approaches
based on machine learning and deep learning. While these methods demonstrate strong
capabilities in identifying complex control-flow patterns and handling highly variable event
logs, their structural complexity often makes it difficult for organizational analysts to
understand process behavior and conduct causal analysis of the resulting models (Evermann &
Tax, 2017). This issue creates a fundamental trade-off between model accuracy and simplicity:
more complex models may achieve better predictive or fitting performance, yet they may be
less suitable for managerial decision-making and practical adoption.

In addition, the absence of standardized evaluation and benchmarking frameworks has been
identified as a structural challenge within the literature. Variations in evaluation metrics,
datasets, and experimental scenarios make it difficult to conduct fair and systematic
comparisons among different methods (Buijs et al., 2014; Van der Aalst, 2016). This situation
not only affects the reproducibility of research results but also constitutes a significant barrier
to the accumulation of knowledge and the transfer of research outcomes into practice.

Finally, the analysis of the reviewed studies indicates the existence of a significant gap
between theoretical method development and the practical needs of organizations. Limited
access to industrial datasets, confidentiality concerns, and the discrepancy between laboratory
conditions and operational environments have caused many proposed methods to remain
largely at the research stage. From this perspective, the practical adoption of process discovery
techniques, particularly in engineering management and software systems, depends less on the
introduction of new algorithms and more on model transparency, comparability, and alignment
with real organizational challenges.

Table 4
Cross-Cutting Challenges Reported in Process Discovery Literature (Aligned with “Challenges” in the Article Title)

Sealabilit Performance degradation with ML-based, Bose et al. (2012); Tax &
v large or complex logs Evolutionary Van der Aalst (2016)
Reduced t i ML-based
Interpretability ecucec transparenicy ase Evermann et al. (2017)
data-driven models approaches
Lack of stam‘iardized Inconsistent metrics and All approaches Buiis et al. (2014)
evaluation benchmarks
Limited to dataset: d
Reproducibility fritec aceess fo datasets an All approaches van der Aalst (2016)

implementations

8. Discussion and Conclusion

This systematic review was conducted to clarify the current state of research on process
discovery within the broader field of process mining and to synthesize the methodological
directions and challenges reported in the literature. By systematically analyzing 138 selected
studies, this research provides a structured overview of the main methodological approaches,
the evolution of research trends, and the practical challenges that influence the adoption of
process discovery techniques in real-world environments. The results indicate that while



A Systematic Review of Process Discovery Methods in Process Mining 69

significant progress has been achieved in the development of new algorithms and modeling
techniques, many studies increasingly focus on issues beyond pure algorithmic innovation,
including scalability, evaluation practices, and the applicability of discovered models in
complex organizational settings.

The findings show that research in process discovery has evolved through the coexistence
of classical algorithmic approaches and more recent data-driven methods. Classical methods,
including algorithmic and heuristic approaches, remain important due to their interpretability
and structural transparency, making them suitable for organizational analysis and managerial
decision making. In contrast, machine learning and deep learning—based methods have been
introduced primarily to address challenges such as large-scale event logs, data noise, and the
complexity of modern software-intensive processes. The increasing presence of hybrid
approaches in the literature reflects an attempt to combine the interpretability of traditional
models with the adaptability and scalability of data-driven techniques. This trend suggests a
gradual transition in the field toward more integrated methodological frameworks.

Another important observation concerns the growing attention to noisy and real-world
event logs. Many recent studies attempt to design discovery techniques that are capable of
handling incomplete, inconsistent, or highly variable data. This shift indicates a broader
recognition of the practical conditions under which organizational process data are generated.
However, despite this progress, the analysis also reveals that a relatively limited number of
studies rely on large-scale industrial datasets. This limitation highlights a persistent gap
between academic research and the operational needs of real organizational environments,
particularly in areas such as project management, enterprise systems, and complex software
development processes.

The review also identifies several recurring challenges that continue to shape research in
this domain. Among the most frequently reported issues are scalability limitations, reduced
interpretability of complex models, and the absence of widely accepted evaluation frameworks.
These challenges are not confined to specific algorithms but reflect broader methodological
issues that affect the reliability and comparability of research results. From an engineering and
systems management perspective, the lack of standardized evaluation approaches makes it
difficult to compare different discovery techniques and to determine their suitability for specific
organizational contexts.

Another key challenge concerns the balance between model accuracy and interpretability.
While advanced machine learning—based methods often achieve higher predictive or discovery
performance, their outputs may be difficult for managers and system analysts to interpret. This
trade-off between analytical performance and explainability suggests that algorithmic
improvements alone may not necessarily translate into improved decision support for
organizations. As a result, the practical value of process discovery methods increasingly
depends on their ability to produce understandable and actionable models rather than merely
achieving higher computational performance.

Overall, the results of this systematic review indicate that the evolution of process discovery
research reflects broader changes in organizational and technological environments. Modern
organizations operate in highly dynamic and data-intensive contexts, which require analytical
tools capable of handling complex, heterogeneous, and continuously evolving process data. The
growing interest in hybrid, probabilistic, and machine learning—based approaches can therefore
be interpreted as a response to these emerging requirements. Nevertheless, the available
evidence suggests that the adoption of these advanced techniques in real organizational settings
remains limited.

One of the main conclusions of this study is that the practical success of process discovery
techniques depends not only on algorithmic accuracy but also on factors such as model
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interpretability, transparency of assumptions, comparability of evaluation results, and the
ability to integrate with existing organizational information systems. Methods that generate
highly complex or opaque models may face barriers to adoption, particularly in environments
where managerial understanding and explainability are essential for decision making.

Based on these observations, future research in process discovery should move beyond the
exclusive development of increasingly sophisticated algorithms. Instead, greater emphasis
should be placed on the alignment of methodological innovations with the needs of engineering
management, software systems development, and organizational process improvement. In
particular, future studies may benefit from focusing on explainable discovery models,
standardized evaluation methodologies, broader use of real industrial datasets, and the
integration of human and organizational factors into process mining research. Addressing these
aspects can help reduce the gap between academic research and practical implementation,
thereby strengthening the role of process mining as a reliable analytical tool for organizational
process management and engineering applications.
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