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Introduction: In recent years, process mining has emerged as a growing field within
data science, playing an important role in extracting knowledge from data recorded
in information systems. The event log constitutes the core of every process mining
project. However, the limited availability of real-world data, due to privacy
constraints, data collection costs, and poor data quality, poses significant challenges
to the development of process mining algorithms. In this context, generating
synthetic data that preserve the statistical and structural characteristics of processes
while maintaining no direct correspondence with real-world instances offers an
effective approach to addressing these challenges. Accordingly, this study aims to
provide a systematic review of synthetic event log generation methods based on
machine learning algorithms.

Methodology: The present study followed the systematic review framework
proposed by Xiao and Watson (2019), which comprises protocol development,
formulation of research questions, systematic literature searching, study screening,
data extraction, and synthesis of findings. Accordingly, three research questions
were defined: (1) What methods, algorithms, and machine learning-based
approaches have been developed for synthetic event log generation in process
mining? (2) What are the main applications of synthetic event logs in process mining
studies? and (3) What methods have been used to evaluate their quality, utility, and
performance? A systematic search was conducted in ScienceDirect, PubMed, IEEE
Xplore, and SpringerLink through August 2026. From 1,990 initial records,
duplicates were removed, followed by screening at three stages: title, title and
abstract, and full text. Ultimately, 15 studies were selected for final analysis. To
enhance the comprehensiveness of the review, backward and forward citation
searching were also performed. Backward searching examined the reference lists of
selected studies, while forward searching identified studies citing the selected
articles. After reapplying the predefined inclusion and exclusion criteria, four
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additional studies were identified and added to the final set. Thus, a total of 15
studies were included in the systematic review.

Findings: ML represents an advanced paradigm for synthetic event log generation.
Depending on the underlying development approach, its evolution spans from
conventional machine learning techniques, such as decision trees, to more advanced
deep learning and generative artificial intelligence (GenAl) approaches, including
LLMs and autoencoders, as well as hybrid methods that integrate multiple
paradigms. The reviewed studies indicate a growing emphasis on the latter category,
particularly deep learning- and GenAl-based approaches. The primary objectives of
synthetic event log generation were algorithm evaluation (five studies, 33%),
privacy preservation (five studies, 33%), negative data generation (two studies,
13%), multidimensional data generation (two studies, 13%), and, finally, scenario
analysis (one study, 7%). All reviewed studies employed fidelity criteria to evaluate
the proposed methods, referring to the assessment of the statistical similarity
between synthetic and real data or the structural similarity between synthetic traces
and the real one. In contrast, process-mining utility, defined as the evaluation of
process discovery or conformance-checking techniques using the generated
synthetic event logs, was reported in eight studies (53%), whereas privacy-related
metrics were incorporated in only two studies (13%). A notable temporal trend is the
complete shift toward Python-based implementations from 2022 onward, whereas
such implementations were entirely absent from the reviewed studies published
before 2017.

Discussion and Conclusion: Deep learning- and generative Al-based approaches
have received increasing attention from researchers since 2023, whereas hybrid
approaches have received comparatively limited attention. Traditional simulation-
based approaches incorporate explicit rules, requirements, and control-flow
constraints, thereby providing high structural validity and auditability. However,
their reliance on complex model engineering, manual scripting, and simplified
assumptions about unstructured event logs may result in unrealistic delay
distributions. In contrast, data-driven approaches offer greater flexibility in learning
complex behavioral, temporal, and multidimensional patterns. GANSs are capable of
modeling complex parallel paths and long-range dependencies but may suffer from
training instability and mode collapse. AE/CVAE architectures provide stable
training and interpretable latent spaces, although they may underrepresent rare
behaviors. DDPMs can achieve high fidelity but entail substantial computational
costs. Autoregressive models enable precise control and temporal coherence,



whereas LLMs, despite their high flexibility, remain susceptible to hallucinations
and violations of process constraints. Moreover, the lack of an integrated evaluation
framework and systematic privacy assessment remains a major challenge for
comparing different approaches. Future research should focus on combining
generative models with structured process models, such as Petri nets, and on
comparative evaluations of generation mechanisms to determine which mechanisms
produce event logs that are more suitable for process mining.
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