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Process mining enables organizations to analyze the data stored in their information systems and derive insights regarding
their business processes. However, raw data needs to be converted into a format that can be fed into process mining algorithms.
Various pre-analysis activities can be performed on the raw data, such as imperfection removal or granularity level change.
Although pre-analysis activities play a crucial role in process mining, there is currently a limited overview available regarding
their scope and the extent of their examination. This study presents a systematic literature review of the pre-analysis activities
in process mining projects. To better understand this stage and its current state of research, we explore which activities
constitute the pre-analysis stage, their goals, the applied research methodologies, the proposed research outcomes, and
the data used to evaluate the research outcomes. We identify 15 pre-analysis activities and concepts, e.g., data extraction,
generation, and cleaning. We also discover that design science research is the methodology and methods that are the primary
research outcome in previous studies. We also realize that the proposed outcomes have been evaluated using only real-life
data most of the time. This study reveals that research on pre-analysis is a growing ield of interest in process mining.

CCS Concepts: · Applied computing→ Business process monitoring.

Additional Key Words and Phrases: process mining, process mining pre-analysis, data preprocessing, event log

1 Introduction

Information Technology (IT) resources are extensively utilized in organizations of various types and sizes. One
signiicant application of the applications of information systems is to support business process management and
enactment. Consequently, the increasing use of information systems has generated a large volume of business
process data. Process mining is a set of techniques designed to enhance operational processes through the
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systematic use of such process data [209]. It is a valuable tool to understand better and improve business processes
by leveraging the process data.
The availability of high-quality data is a foremost requirement for a successful process mining project [204].

However, in most situations, the data stored in information systems is not in a form directly usable for process
mining algorithms. The data must be extracted from the information systems and converted into an event log,
which is a collection of events executed and stored in information systems that serve as the input for process
mining algorithms [207].
Transforming data stored in information systems into event logs is a non-trivial task. An extensive set of

tasks must be performed on process data before process mining analysis can commence. These tasks, that can
be referred to as the “pre-analysis stage," are time-consuming, labor- and knowledge-intensive, as evidenced by
their inclusion as a distinct stage in various process mining methodologies [24, 213]. This stage is regarded as
one of the most critical in process mining, often accounting for more than 80% of the time and efort involved
[4, 46]. Furthermore, a novel object-centric event data format is currently undergoing standardization [210],
which may introduce additional challenges during the pre-analysis stage. It is evident that data preprocessing,
a sub-stage within pre-analysis, can enhance the performance of discovered process models in terms of their
itness, precision, and F1 measure [67]. Despite the apparent beneits of pre-analysis activities on event data,
a comprehensive overview of the pre-analysis stage of process mining, including its components and current
research eforts, is lacking.
In this study, we conducted a systematic literature review (SLR) of the process mining pre-analysis stage to

highlight the topics and extent of research eforts in this area. An in-depth exploration of the pre-analysis phase
advances the ield by providing researchers with a comprehensive overview of the state-of-the-art. Such a holistic
perspective assists in identifying trends and gaps. Additionally, synthesizing knowledge across various aspects of
the pre-analysis stage can foster innovation and new research directions that integrate indings from diverse
areas. This overview can also serve as a resource for early-career researchers or those new to the ield, providing
a broad understanding of the current research landscape.
The primary contribution of this study is the categorization of topics investigated in process mining pre-

analysis, which we have divided into four broad categories and 15 primary topics. We also identiied four goals of
process mining pre-analysis from the reviewed papers. The study also examined the research methodologies,
types of research outcomes, and the data used to evaluate proposed solutions in these papers. Additionally, we
analyzed the industries from which evaluation data was extracted. Understanding applied research methodologies
is crucial as they provide speciic direction to research and guide it throughout its life cycle [39, 167]. Finally, our
study showcases the evolutionary trend of process mining pre-analysis research and speciic topics within the
ield.
The remainder of this paper is structured as follows. Section 2 provides background information on the

pre-analysis stage of process mining and positions this study in comparison with other existing systematic
literature reviews. Section 3 describes the methodology used in this study. The results are presented in Section 4
and discussed in Section 5, which also ofers directions for future research. Section 6 concludes the paper.

2 Background

The pre-analysis stage of process mining is a crucial phase in the success of any process mining project. Research
on various aspects of the pre-analysis stage of process mining has gained more attraction in recent years. For
example, research on data extraction [19, 187], assessment and ixing of quality issues [74, 133, 225], and privacy
of event data [9, 56, 156] have been conducted. Furthermore, many papers related to the pre-analysis stage of
process mining have been presented in the annual International Conference in Process Mining1.

1https://icpmconference.org/
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Previous studies have explored the subject of the pre-analysis stage of process mining and associated concepts
such as data preprocessing to some extent. We have identiied ten SLRs related to our study. One of the SLRs
explores the preprocessing of event logs in general and classiies the reviewed literature based on various research
topics [131]; however, the dimensions and scope of our review difer from their review. The rest of the SLRs can
be categorized into three diferent settings.

Firstly, some reviews employ an SLR to explore state-of-the-art research and immediately integrate the insights
gained into the development of an artifact. For example, Zandkarimi et al. [237] identiied common concepts
and building blocks of trace clustering techniques used to develop a trace clustering framework for process
mining. Similarly, Koschmider et al. [111] conducted an SLR to develop a framework for incorporating context
information while mapping log events and process model activities. Another study employed an SLR to identify
various approaches to querying process data in order to devise an improved process data query language [81]. A
taxonomy of the event abstraction methods was devised based on the review of the preprocessing techniques
that enable the abstraction of event data into the right granularity level [218]. Finally, Stein Dani et al. [187]
reviewed the role of humans in data extraction and developed a taxonomy of manual tasks performed during
such extraction.

Secondly, some SLRs include event logs as part of a broader review scope. However, unlike our study, those SLRs
focus on data preprocessing as a subpart of their primary objective, such as process prediction. One study explores,
among other things, the types of preprocessing steps and data encoding in the domain of deep learning-based
process prediction [141]. Another SLR focuses on process mining in the manufacturing industry [186]. They
review the literature on data extraction, generation, and preprocessing.

Thirdly, some SLRs relate to preprocessing process data as their primary objective but zoom in on one speciic
aspect. One study is dedicated to reviewing the literature on extracting data from information systems [41].
Similarly, another SLR reviews the literature regarding automated event log abstraction techniques, focusing on
the quality aspects and accuracy of the proposed techniques [53].
Table 1 presents an overview of the earlier studies and their characteristics. The table acts as a comparison

between those studies and our study. While the previous SLRs have focused on speciic aspects of the pre-analysis
stage of process mining, we have taken a broader and more detailed approach by exploring the entire pre-analysis
phase. Additionally, we have analyzed literature using dimensions that have not been considered before, i.e., the
goals, the applied research methodologies, research outcomes, and evaluation data. Such information can enrich
the study of the pre-analysis stage and guide it throughout its life cycle [167].

ACM Comput. Surv.
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3 Methodology

We conducted an SLR using the method proposed by Xiao and Watson [230] to explore the topics investigated in
the pre-analysis stage of process mining. The method begins by understanding the problem and developing a
review protocol, which we supported by formulating the following research questions.

3.1 Research uestions

To guide our objective of exploring existing research dealing with the pre-analysis stage of process mining and
developing an overview of investigation topics in the ield, we formulated the following research questions:

• RQ 1:Which research topics currently relate to the pre-analysis stage of process mining?
• RQ 2:Which research methodologies are employed to study the pre-analysis stage of process mining?
• RQ 3: What kind of research outcomes have been proposed by studies conducted in the pre-analysis stage
of process mining?

• RQ 4: Which type of data is used to evaluate the artifacts proposed by the studies conducted in the
pre-analysis stage of process mining?

• RQ 5: How has the research ield of the pre-analysis stage of process mining evolved in the last 20 years?

3.2 Initial Literature Search

We initiated our investigation by sourcing papers from Web of Science, IEEE Xplore, and Scopus databases. The
review process encompassed papers published until April 2022 without imposing any speciic start date for the
literature search.
To identify studies pertinent to the pre-analysis stage of process mining, we employed the search query:

(łprocess mining" OR łprocess discovery") AND łevent*" AND łlog*"). We used the logical OR between “process
mining" and “process discovery" since some studies used the latter terminology instead of the former. Additionally,
we utilized the asterisk (*) symbol as a wildcard to represent diferent variations of the terms, such as event logs
and events are logged, ensuring comprehensive coverage.

In IEEE Xplore, we conducted searches across All Metadata without restricting by publication year. For Scopus,

we searched in Article title, Abstract, Keywords across all available years. In Web of Science, searches were

conducted across All ields within theWeb of Science Core Collection.
Figure 1 provides an overview of the search strategy and the number of papers included and excluded at each

stage. The initial search across the three databases yielded 3,923 results, comprising 1,286 papers from Web of

Science, 513 from IEEE Xplore, and 2,124 from Scopus. Upon removing duplicates, we screened 2,255 papers for

eligibility.

3.3 Screening

A paper was excluded when it met one of the following exclusion criteria:

(1) The paper’s primary focus is not on the pre-analysis stage of process mining.

(2) The paper is written in a language other than English.

(3) The paper is not published in a peer-reviewed scientiic journal or peer-reviewed conference proceedings.

(4) The paper is not electronically available.

(5) The paper is a conference paper with an extension published as a journal paper.

(6) The paper is a poster, one-pager, executive summary, abstract, position paper, literature review, or com-

mentary.

The screening process was conducted in three phases. Initially, papers were screened based on their title alone,

followed by screening based on both title and abstract, and inally, full-text assessment. If there was insuicient

information to decide the inclusion or exclusion of a paper, the paper advanced to the subsequent phase. During

ACM Comput. Surv.
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Articles identi}ed during the
initial literature search

(n = 3,923)

Web of Science (n = 1,286)
IEEE Xplore (n = 513)

Scopus (n = 2,124)

Articles after duplicates
removal (n = 2,255)

Articles after title screening
(n = 907)

Articles after title and
abstract screening

(n = 507)

Articles excluded
(n = 1,668)

Articles excluded
(n = 1,348)

Articles excluded
(n = 400)

Articles after check for
availability of full-text

(n = 475)

Articles excluded
(n = 32)

Articles after removing
extended abstract and non-

English papers
(n = 458)

Articles excluded
(n = 17)

Articles after full-text
screening
(n = 260)

Articles excluded
(n = 198)

Fig. 1. Paper selection strategy

the irst phase, 1,348 papers were excluded outright, with 907 papers proceeding to the next phase. Screening
based on title and abstract further excluded 400 papers, resulting in 507 papers being considered for full-text
review. Among these, 32 papers were inaccessible in full text, 12 contained only extended abstracts, and ive were
written in languages other than English. The remaining 458 papers underwent full-text screening, resulting in
the exclusion of 198 papers. Ultimately, 260 papers were included in this literature review.

3.4 uality Assurance

The irst author screened and coded all papers. Additionally, a random subset of papers was individually screened
by the two other co-authors. Fifty papers were individually screened on title. Each researcher independently
assessed whether to include or exclude each of these papers. In instances where there were conlicting viewpoints
regarding the inclusion or exclusion of a paper, the issue was thoroughly discussed. When consensus among the
researchers was not reached, decisions were subsequently made based on a majority vote. Furthermore, inter-
rater reliability among the researchers was evaluated using Fleiss’ kappa [177] and Krippendorf’s alpha [113].
Fleiss’ kappa for the title screening phase was 0.232, indicating “fair agreement" [114] among the researchers.
Krippendorf’s alpha was recorded at 0.238, with positive values suggesting agreement and a value of 1 denoting
perfect agreement [113].

ACM Comput. Surv.
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In the subsequent phase of the screening process, which involved evaluating both the title and abstract, thirty
papers were individually reviewed to test for reliability. During this phase, Fleiss’ kappa improved to 0.453,
signifying “moderate agreement," while Krippendorf’s alpha increased to 0.460, indicating a higher level of
agreement compared to the irst phase.
Notably, the primary researcher’s cautious screening approach may have impacted Fleiss’ kappa and Krip-

pendorf’s alpha values, potentially reducing inter-rater reliability. For instance, in the irst phase, the primary
researcher included 10 out of 50 randomly selected papers that the other researchers had excluded. Had the
primary researcher agreed with the others and excluded these papers, Fleiss’ kappa and Krippendorf’s alpha
would have increased to 0.488 and 0.492, respectively. Similarly, in a hypothetical scenario for the second phase,
alignment with other researchers would have raised the values to 0.665 and 0.669 for Fleiss’ kappa (indicating
a “substantial agreement") and Krippendorf’s alpha, respectively. However, the primary researcher’s cautious
approach aimed to retain more papers for further screening, prioritizing inclusivity over the potential exclusion
of relevant papers early on, which is generally considered advantageous.

3.5 Coding Scheme

We employed a coding scheme that utilized both inductive and deductive coding techniques [38, 71] to extract
relevant information from the literature. The inductive coding technique assigns codes based on the terms and
phrases mentioned in the paper, allowing us to extract information regarding research topics and goals [134]. We
synthesized and reined these codes over several iterations and multiple coding cycles, as Giola et al. [77] and
Skjott Linneberg and Korsgaard [182] suggested. The deductive coding technique uses predeined codes to extract
information concerning the research methodology, research outcome, and evaluation data. The predeined set of
codes and their descriptions can be found in Section 1 of a separate supplementary document2.
We utilized a spreadsheet to track the codes and synthesize them into high-level categories systematically.

Each researcher actively participated in developing the coding scheme and contributed to its reinement. When
there was uncertainty regarding the appropriate codes for a particular dimension of a speciic paper, collaborative
brainstorming sessions were conducted among the researchers to reach a consensus on the most suitable codes.
Additionally, it was determined that a single paper could be assigned multiple codes within any given dimension.
This is because a paper might address multiple topics, employ various research methodologies, produce diferent
types of research outcomes, or use diverse types of evaluation data from a variety of sources. The following
dimensions were included as part of the coding scheme developed for this study.

Research topic. We employed inductive coding to identify various topics related to the pre-analysis phase of
process mining, addressing research question 1. Following the Gioia method [37], we irst extracted the general
subject of investigation from each paper as a irst-order conceptualization. We then combined similar concepts
into topical themes, which were further aggregated into a inal collection of study topics. The identiication of
these research topics was conducted using a bottom-up approach, allowing the topics to naturally emerge from
the content of the reviewed papers.
Goal: To determine the objectives of the papers, we employed inductive coding to identify the goals of the

reviewed papers. This dimension also supports research question 1.
Research methodology. To code the applied research methodology of the reviewed papers, we used a

predeined set of codes suggested by Recker and Mendling [168]. The codes include action research, case study,
controlled experiment, design science / engineering, ield experiment, formal proof, illustration, interviews, simulation,
and survey. This dimension supports research question 2.

Research outcome. We examined the research outcome of the reviewed papers, using the types of research
outcomes listed by Recker [167] as a starting point. The set of codes for answering research question 3 includes

2https://doi.org/10.5281/zenodo.14623497
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constructs, design theories, instantiations, methods, and models. March and Smith [130] delineates four primary
research outcomes: constructs, models, methods, and instantiations. A construct is conceptualized as a vocabulary
of a domain used to describe problems within that domain and to delineate their solutions. Constructs serve as
the foundation for deining key terms within that domain. In contrast, a model is deined as a set of propositions
that articulate the relationships among constructs. Models can represent various aspects, such as problems and
their solutions, entities and their relationships, or even data structures. A method is a series of steps designed to
perform a particular task, grounded in the underlying constructs and models. Finally, an instantiation refers to the
implementation of an artifact within an environment, thereby operationalizing constructs, models, and methods
[130]. A design theory, on the other hand, refers to a systematic approach to investigating, understanding, and
improving the processes, principles, and outcomes of design [167].

Evaluation – data type. We coded the type of data used to evaluate the proposed methods as either artiicial
data or real-life data, supporting research question 4. If the information regarding the type of evaluation data
was missing, the paper was coded as not reported. Additionally, a paper did not need to evaluate the proposed
method using data to be included in our study. Consequently, the distinction between real-life evaluation data,
artiicial evaluation data, and not reported was only made if the paper included a data-based evaluated. Therefore,
the number of papers coded in this dimension can be lower than the total number of included papers.

Evaluation – data industry.To further investigatewhich type of data is used to evaluate research contributions
to process mining pre-analysis, we recorded the industry from which the data originates in case of real-life data
evaluations, using a predetermined set of codes derived from the Statistical Classiication of Economic Activities
in the European Community [62]. If the industry information was missing, the paper was coded as not reported.
A paper could evaluate the proposed solution using data from multiple industries, resulting in the paper being
coded for multiple industries. Hence, the number of papers coded for this dimension may difer from the total
number included in the review.

Evaluation – number of data sets. For the papers utilizing real-life data, we tracked the number of data sets
used during the evaluation phase, categorizing them as either single data set or multiple data sets. Papers coded as
“single data set" used one data set for evaluation, while those coded as “multiple data sets" used more than one.

The coding scheme, topics, and subtopics were developed through a series of iterative brainstorming sessions
among the researchers.

4 Results

This section outlines the results of our SLR. We have categorized our indings using the Giola method [37], which
organizes data into lower-level irst-order concepts, groups them into higher-level second-order themes, and
combines them into aggregate dimensions. Using this method, we identiied four broad categories: Getting Data,
Subsetting Data, Data Quality, and Privacy, encompassing the various topics discussed in the papers. Moreover,
the research topics have been further classiied into subtopics. We have described our indings in more detail in
the following subsections.
While synthesizing the research topics, we identiied common objectives underlying the studies, leading us

to conclude that outlining these objectives is also pertinent to the study of research topics. Including the goals
provides a more comprehensive understanding of the research landscape, highlighting the broader intentions
and motivations driving the studies. Therefore, in Section 4.1, we irst provide our indings regarding the goals of
the reviewed studies. The subsequent subsections are organized according to the research questions outlined in
Section 3.1. Speciically, our analysis covers the research topics (Section 4.2), research methodologies (Section 4.3),
research outcomes (Section 4.4), and types of evaluation data (Section 4.5), corresponding to research questions 1,
2, 3, and 4, respectively. Furthermore, Section 4.6 details our observations on the evolution of the research ield
pertaining to the pre-analysis stage of process mining over the past two decades.

ACM Comput. Surv.
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We also developed an interactive dashboard, containing a list of all the papers in this study. This dashboard
allows viewers to interactively search, sort, and ilter the data according to their requirements. The dashboard
can be accessed from our online repository3. Similarly, a list of the reviewed papers are provided in Section 2 of a
separate supplementary document4.

4.1 Goals

During our examination of the literature, we identiied four principal objectives for the pre-analysis phase in
process mining: enabling process mining (157 papers), enabling privacy-aware process mining (19 papers), enabling
quality-aware process mining (78 papers), and enabling semantics-aware process mining (6 papers). Enabling process
mining is a broad goal applicable across all subtopics of pre-analysis, whereas the remaining three objectives are
more specialized.

Privacy, deined as the right of individuals to protect personal information from unauthorized access, dissem-
ination, and use by others [171], is critical when event data contains sensitive personal details. When event
data contains sensitive personal information, privacy-aware process mining becomes necessary to safeguard
the privacy of individuals whose data is present within the event logs [129]. Therefore, privacy-aware process
mining has emerged as a research goal aimed at enhancing the privacy of individuals whose personal data is
present in event data.

Ensuring the quality of event data is essential for obtaining accurate process mining outcomes [22]. Techniques
to detect and enhance data quality have been extensively explored in literature, emphasizing the importance of
quality-aware process mining.
Researchers have also concentrated on understanding the semantic meaning of data recorded in event logs.

Semantic process mining endeavors to interpret the conceptual underpinnings of textual labels within the logs
[44], underscoring semantics-aware process mining as a signiicant pre-analysis objective.

Figure 2 illustrates the distribution of papers across these distinct goals, highlighting the ield’s focal points.
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Fig. 2. Goals of the pre-analysis stage of process mining

3https://shapradhan.shinyapps.io/pre-analysis_dashboard/
4https://doi.org/10.5281/zenodo.13790927
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4.2 Research Topics

This section presents the research topics identiied during the literature review, which are grouped into four main
categories - Getting Data, Subsetting Data, Data Quality, and Privacy. This section addresses the irst research
question, which pertains to identifying the research topics of interest during the pre-analysis stage of process
mining. The following subsections describe the topics classiied under these categories. The topics and subtopics
are graphically visualized in Section 3 of a separate supplementary document 5.

As observed in Figure 3 topics related to getting data, such as event log-building and data generation, have been
extensively researched. Moreover, there has been signiicant research on data quality-related topics such as log
cleaning, log assessment, and log enrichment, which are located in the upper half of the chart in Figure 3.
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Fig. 3. Research topics in the field of pre-analysis stage of process mining

4.2.1 Data Extraction (Geting Data). Of the reviewed papers, 13 (5%) focus on data extraction, which involves
obtaining data from information systems. The data extraction process may include manual and (semi-)automated
steps [187]. In this study, we identiied only one paper that studies the manual human intervention required
during data extraction, while the rest propose (semi-) automatic approaches to extract data. Stein Dani et al.
[187] developed a taxonomy of the manual tasks necessary to understand the human role in data extraction.
The authors argue that comprehending the human role in data extraction is critical for developing automated
techniques. They identiied ive primary categories of tasks requiring human intervention: deining the context
and scope, assessing the data source, selecting attributes, extracting the data source, and assessing the event log.
Numerous (semi-)automatic techniques for data extraction have also been proposed. The contributions of

these papers primarily focus on extracting data from information systems that store data in various media, such
as relational databases [145, 180, 223], graph databases [61], redo logs [80], and unstructured process-related
documents [119].
5https://doi.org/10.5281/zenodo.13790927
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In addition to extracting raw data from various sources, there is also a need to query the event data stored
in databases. Two papers focus on querying event data by developing query languages to extract data from
databases while considering diferent aspects of data [81, 176].

4.2.2 Data Generation (Geting Data). Twenty-eight (10.8%) papers are dedicated to data generation, which
involves producing raw data for process mining. This topic can be categorized into two types: generating artiicial
event logs and collecting real-life data.

Fourteen (5.4%) papers focus on using process simulation to generate artiicial event logs. For instance, event
logs have been generated by simulating Petri net models [60, 139], BPMN models [135], DECLARE models
[49, 183], process tree models [99, 100], and business speciications [2]. Additionally, the generation of negative
events ś events that did not occur in real life but could have ś has been investigated [78, 124, 219]. These negative
events can be added to existing event logs to make them more comprehensive and relect all potential events that
could have happened [79]. Furthermore, the artiicial generation of anomalous event data has also been explored
[108].
Collecting real-life event data involves capturing and gathering data from two primary sources: information

systems and non-information systems, such as blockchain. Fourteen papers (5.4%) delve into this subtopic.
Techniques for data collection by analyzing the legacy code of information systems have been developed
[94, 140, 151, 153ś155], where legacy code can be analyzed statically, dynamically, or in a hybrid manner
and annotated with business process information, which can then be executed to generate an event log iles.
Additionally, data can be captured and collected from other sources such as blockchain [14, 136], Internet of
Things (IoT) [178], and unplugged processes [93].

4.2.3 Event Log-Building (Geting Data). Event log-building involves creating event logs from raw data. Among
the papers reviewed, 50 (19.2%) address this topic. Research on event log-building primarily focuses on the general
conceptualization and techniques of building event log from raw data. These techniques can be subdivided into
those that extract logs from data stored in databases of information systems and those that use data stored in
non-database systems, such as blockchain.
Concerning the general conceptualization of building an event log, a series of steps have been devised to

support process analysts in efectively building event logs [98]. These steps aim to enhance the understanding of
decisions made by analysts regarding process instances, activities, and attributes as well as the consequences of
those decisions. Another study presents a set of options for building event logs in the auditing domain, focusing
on process instances, activities, and attributes [97].

A majority of papers discuss event log-building from data stored in databases. For example, an ontology-based
technique, in which a high-level representation of the domain of interest is connected to the data sources, has
been used to extract and build event logs from relational databases [27ś30]. Similarly, techniques have been
proposed to build event logs using data from domain-speciic information systems such as health information
systems [75, 84, 85, 169, 220] and enterprise resource planning systems [19, 92, 137, 146, 147].
Research on building event logs from non-database systems includes sources such as blockchain [136, 138],

CSV iles [52, 101], electronic data interchange (EDI) messages [58, 59], Internet of Things (IoT) devices [15,
16, 25, 106, 178, 179, 199, 214], and unstructured text data such as emails and natural language conversations
[7, 57, 104, 150]. For instance, a natural language processing technique proposed by Kecht et al. [104] constructs
an event log from customer service conversations on social media sites such as Twitter.

4.2.4 Storage (Geting Data). Six (2.3%) of the reviewed papers concentrate on storing event logs, exploring
various storage media such as relational databases [176, 194, 212], graph-based databases [61, 96], and a 3D
process-aware datacube [82]. Graph-based and relational databases facilitate the preprocessing of intermediate
structures, like the Directly Follows Graph, within the database engine. This approach eliminates the need to
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transfer data to memory and reload and recompute previous data [96, 194]. Such computation reduces the
processing time as they are executed during data insertion rather than analysis [194]. Furthermore, storing event
logs in a relational database allows for including events in multiple traces and supports random access [212].
Another paper presents a solution aimed at optimizing event data performance and storage by recommending an
appropriate database coniguration [176].

4.2.5 Format (Geting Data). Seven (2.7%) of the reviewed papers focus on the format of event logs, identifying
four main formats: Mining eXtensible Markup Language (MXML) [51], eXtensible Event Stream (XES) [223],
eXtensible Object-Centric (XOC) [117], and Object-Centric Event Log (OCEL) [76].

MXML, one of the earliest event log formats, was developed to address the lack of a standard event log format
for process mining [51]. An extension known as Semantically Annotated MXML supports semantic process
mining [48]. However, MXML format has notable limitations, such as its lack of support for extensive semantic
information of the additional attributes and a rigid naming schema for various concepts. In order to alleviate
these weaknesses, the XES format was developed [223]. The XES format provides lexibility in the event data
structure through attribute extensions covering concept, life cycle, organizational, time, and semantic perspectives.
Furthermore, XES allows the identiication and comparison of individual events via event classiiers [223].
XOC format was designed to mitigate the shortcomings of XES, such as the mandatory need to identify case

IDs for processes and the problem of data convergence (where a single event is associated with multiple cases
[208]) and divergence (where a single case may have multiple independent, repeated executions of a group of
activities [208]) [117]. XOC correlates events based on objects rather than cases. Similarly, the OCEL format
addresses convergence and divergence issues by focusing on object-centric event correlations.

4.2.6 Log Merging (Geting Data). Twelve (4.6%) papers explore merging of event logs from diferent sources.
Techniques have been developed to create event logs using data from multiple systems and organizations, in
both inter-organizational [35, 86, 232] and intra-organizational [48, 163, 232] contexts.
During data merging, it is essential to correlate the events belonging to the same process instance. Various

correlation techniques have been developed utilizing diferent types of event data, such as object-centric event
data [118], unlabeled process event data [83], data from non-process-aware information systems [152], and data
from supplementary sources [127].

4.2.7 Sampling (Subseting Data). Six (2.3%) of the reviewed papers focus on the topic of sampling data. Sampling
an event log generates a subset of data that can be analyzed while preserving the characteristics of the entire
dataset [3]. In process mining, sampling can extract a subset of events from the entire event log, thereby enhancing
the computational performance of analysis algorithms [67].

A method has been proposed to sample event data using a graph-based ranking model to evaluate the quality
of the sample log [121, 122]. This approach ranks the data based on similarity and selects the most representative
sample. Similarly, Sun et al. [189] presented a method to derive high-quality samples by considering various
quality factors, such as risk level and risk diversity. Additionally, an incremental sampling technique for event
data in process discovery has been developed, allowing data preprocessing and subsequent steps to be performed
with partial data [11]. Moreover, speciic sampling techniques have been proposed to facilitate applications such
as determining trace relevance for conformance checking [103] and predictive monitoring [70].

4.2.8 Division (Subseting Data). Twenty-eight (10.8%) of the reviewed papers address the division of data as a
strategy to mitigate the complexity of event logs. Analyzing process data with iner granularity can result in
complex and incomprehensible “spaghettiž process models [205] particularly for highly variable processes. Two
primary methods of division are identiied: trace clustering and decomposition.
Trace clustering involves grouping traces in a heterogeneous event log into homogeneous clusters that a

process model can adequately represent [23, 63]. Process models are subsequently discovered for each cluster. In
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contrast, decomposition entails breaking down an event log into smaller sub-logs with process models being
discovered for each sub-logs, which are then merged into a comprehensive process model [221].
Several methods have been proposed for clustering traces, including alignment [20, 63, 228] and similarity-

based clustering [110, 144, 195]. Similarly, clustering techniques have been developed based on case attribute
values [87, 216] and distance measures [5, 21, 32]. Moreover, various trace clustering approaches employ diferent
clustering strategies and focus on speciic evaluation schemas. For instance, the technique proposed by Sun and
Bauer [190] emphasizes the accuracy and complexity of the sub-process models, while the one proposed by De
Koninck and De Weerdt [42] focuses on model itness. Furthermore, a technique to detect changes in event logs
using clustering to divide the log has also been proposed [112].
Several papers propose techniques that utilize a divide and conquer approach to decompose event logs

[31, 206, 221, 222]. Other decomposition methods, such as the one proposed by Nguyen et al. [142], decompose
the data into stages that individual discovery of process models. Similar techniques have also been proposed for
the decomposition of unlabeled event logs [227].

4.2.9 Conceptualization of uality (Data uality). Among the reviewed papers, nine (3.5%) focus on exploring
the concept of quality in the context of event logs. Three of these papers delve into the deinitions and estimations
of completeness of event logs, ofering novel deinitions or characterizations of incompleteness [34, 116, 148].
Several papers investigate conceptual aspects, such as diferent types, characteristics, and measures of quality
[4, 22, 192, 200]. Additionally, the tendencies of data, including typical characteristics of missing values in event
logs, are examined, as demonstrated by the study conducted by Horita et al. [89]. Furthermore, Martin [132]
presents a domain-speciic study on the quality of event data within the healthcare sector.

4.2.10 Log Assessment (Data uality). Twenty-six (10%) of the reviewed papers concentrate on assessing event
logs, a process essential for identifying and addressing quality-related issues. High-quality event logs are impera-
tive for accurate process mining results, making the detection of quality issues is a crucial task [203]. The papers
address four primary quality concerns: completeness, complexity, noise, and outliers, along with the overall
quality of the logs.

To accurately relect actual business processes, event logs must be complete [204]. Many organizations manually
verify event logs to ensure they meet the required standards. However, various techniques have been proposed
to evaluate and ensure completeness [6, 215, 233, 235]. For instance, methods have been introduced to assess
the local completeness of an event log [233, 235] and probabilistic approaches have been employed to evaluate
overall completeness [6, 215].

A subset of papers focuses on the complexity of event logs. Metrics for evaluating complexity include methods
to compute trace diversity within event logs [17]. Ramos-Gutiérrez et al. [164], for example, have presented a
method and a set of metrics for assessing and ranking possible traces from relational databases, which can help
to reduce computational costs.
Several techniques have been developed to assess the noise in event data, including methods to identify and

measure labeling issues, such as synonymous and polluted labels [165, 173, 174]. Additionally, timestamp-related
imperfections, such as inaccurate or incomplete timestamps, have been identiied and addressed [73, 74].

Techniques for dealing with outliers ś data points that deviate signiicantly from other data points [8] ś have
also been proposed. These techniques detect anomalies related to event data [102, 202, 226, 234] and infrequent
behaviors [217].
Several tools and frameworks have been developed for log quality assessment. For example, the DaQAPO

tool [133] enables a lexible and ine-grained assessment of event log quality. The technique proposed by Knols
and van der Werf [107] supports measuring the behavioral quality of a sample of an event log, allowing for the
detection of optimally sampled or oversampled behaviors.
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4.2.11 Abstraction (Data uality). Fourteen (5.4%) of the reviewed papers concentrate on abstraction, which
involves transforming event data from a low-level granularity to a higher level. In real-life processes, events are
often recorded in a highly detailed manner, leading to the generation of the so-called spaghetti models [95, 218].
The papers within this subtopic can be classiied into two categories: those that devise abstraction techniques
and those that propose abstraction frameworks.
Clustering-based techniques have been developed to abstract lower-level events to higher-level activities

[43, 191]. By using these techniques, ine-grained events are simpliied into more manageable and interpretable
higher-level activities. Furthermore, sector-speciic abstraction techniques, employing clustering or other methods
like trace comparison, are also prevalent. For instance, Leonardi et al. [115] have developed abstraction techniques
to medical processes.

Furthermore, comprehensive abstraction frameworks have also been proposed [40, 111, 198], extending beyond
mere abstraction techniques. Papers addressing these frameworks often discuss related concepts such as log
segmentation, event classiication, and activity labeling, providing a more holistic approach to event data
abstraction.

4.2.12 Log Cleaning (Datauality). Forty-six (17.7%) of the reviewed papers focus on log cleaning, which involves
rectifying imperfections in event logs. The papers on log cleaning can be categorized into several themes: event
order imperfection repair, iltering, noise repair, and outlier handling.
Various methods have been developed to address imperfection in event order. For instance, van der Aa et al.

[201] proposed using partial events to estimate the probability of the overall event order, while Dixit et al. [50]
developed timestamp-based indicators to correct these imperfections. Additionally, Xiangsheng [229] proposed a
framework for managing out-of-order RFID event streams.
Filtering out infrequent and erratic behavior enhances the quality of the discovered process model [36]. To

this end, several iltration techniques have been developed [18, 36, 69, 88, 90, 91, 126, 188, 197, 217, 224, 238].
For example, Tax et al. [197] introduced a method that ilters activities based on their entropy rather than their
frequency, while Vidgog et al. [224] proposed an approach that uses a multi-range ilter to extract insights from
infrequent data.
Several techniques have also been proposed to address noise-related imperfections, which includes issues

like incorrect data (e.g., mislabeled data) and incomplete data [175, 211]. The literature presents methods for
repairing missing values [22, 47, 123, 181, 184, 231, 236], resolving labeling issues [33, 143, 173], and correcting
timestamp discrepancies [22, 143, 170]. Furthermore, some papers focus on handling outliers, such as anomalous
or nonconforming behavior, including trace deviation [68, 109, 185].

4.2.13 Log Enrichment (Data uality). Twenty-two (8.5%) of the reviewed papers address log enrichment, which
involves integrating additional information into event logs to facilitate more detailed analysis. Various techniques
for reining activity labels in event logs have been proposed [1, 7, 26, 45, 125, 126, 165, 197]. For instance, Tax et
al. [196] proposed a method that leverages event timestamps to enhance event labels, while De Oliveira et al. [45]
developed a technique for analyzing complex events and generating meaningful labels for them. Additionally,
the literature includes methods for deducing case IDs from unlabeled event logs to enable the event correlation
[12, 13, 72, 83, 120]. Moreover, approaches to enriching event logs with semantic information have been developed,
allowing for adding semantic meaning to the data contained within the logs [44, 105, 166].

4.2.14 Data Anonymization (Privacy). Fourteen (5.4%) of the reviewed papers focus on data anonymization,
presenting various techniques developed for both general and sector-speciic applications. For instance, a privacy-
preserving process mining model has been created to anonymize data in the healthcare sector, where protecting
patients’ medical data is paramount [149, 172]. Similarly, Raiei et al. [161, 162] proposed methods for anonymizing
personally-identiiable information to maintain conidentiality across broader applications. These techniques
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aim to prevent unauthorized access to conidential information while ensuring that the anonymized event logs
produce results comparable to the original data.
Several papers have proposed diferential privacy, which involves adding noise to the data to reduce the

likelihood of re-identifying individual in an event log [56, 64, 128]. Moreover, privacy-preserving techniques that
protect against speciic types of attacks have been proposed. For instance, Batista and Solanas [9] developed
methods to guard against location-oriented targeted attacks, while Raiei and van der Aalst [157] focused on
defenses against frequency-based attacks. Furthermore, event log sanitization methods have also been introduced
to enhance data privacy [10, 65].

4.2.15 Private Data Sharing (Privacy). Six (2.3%) of the reviewed papers address the topic of private data sharing
in the context of process mining. One key privacy-related issue in this ield is the sharing event data between
organizations for analytical purposes. Although integrating event data from multiple organizations can enhance
analysis, it raises signiicant privacy concern. In particular, the study by Raiei and van der Aalst [159] delved
into a speciic type of privacy threat known as correspondence attacks, where an attacker attempts to identify
personal information by cross-referencing published event logs. Various techniques for sharing private data
without exposing sensitive information have been proposed to mitigate such risks [66, 156, 158]. Raiei and van
der Aalst [160] contributed to this efort by proposing methods to quantify data disclosure risk and enhance data
privacy. Additionally, Elkoumy et al. [54, 55] introduced an architecture called secure multi-party computation
that enables sharing of computations among multiple parties while preserving the conidentiality of the original
data. It employs secret sharing algorithms to partition the data into several segments, which are then uploaded
by the respective parties to compute nodes. The event logs are encrypted, ensuring that private information
remains accessible only to the log owner.

4.3 Research Methodologies

In this section, we address the second research question, which focuses on the types of research methodologies
applied in the study of the pre-analysis stage of process mining. The majority (94.2%) of the studies employed the
design science approach, with 245 papers utilizing this methodology. Notably, some papers incorporated multiple
research methodologies, leading to a higher total number of papers in Figure 4 compared to the number included
in the full-text review. The case study and illustration methodologies were used by 62 (23.8%) and 50 (19.2%)
papers, respectively. All methodologies except for formal proof were utilized in at least one paper.
For example, De Oliveira et al. [45] developed a technique for automatically labeling medical event logs, a

method classiied under design science. The authors conducted a case study on a laparotomy process to validate
their technique, demonstrating its application to real healthcare data.

4.4 Research Outcome

This section addresses the third research question of this study, which pertains to the types of research outcomes
proposed by studies conducted in the pre-analysis stage of process mining. Our analysis identiied that the
primary type of outcome is a method, with 231 papers (88.8%) contributing to this category. However, it should
be noted that papers may have multiple types of contributions. Therefore, the total number of papers in Figure 5
may be exceed number of papers included in the full-text review. Other types of research outcomes identiied
were instantiations, models, and constructs, with 138 (53.1%), 17 (6.5%), and 17 (6.5%) papers contributing to these
categories, respectively. Notably, no paper the review contributed a design theory to the ield.
The study by Li et al. [116] introduces a novel event log completeness deinition termed #TAR Completeness,

which addresses implicit dependencies in the model. This deinition is categorized as a construct type of research
outcome, as it establishes fundamental terminology essential for theoretical clarity and consistency. Subsequently,
the authors propose an algorithm to generate a #TAR complete event log, classiied under the method category
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Fig. 4. Research methodologies employed by the reviewed papers

of research outcomes, as algorithms in this context denote systematic procedures designed to resolve speciic
challenges or achieve deined objectives within a speciied domain. Additionally, the authors develop an executable
version of their algorithm, exemplifying the instantiation category of research outcomes, wherein theoretical
concepts are applied and operationalized into practical tools or processes.
Similarly, another study includes a model research outcome, speciically a meta-model designed to specify

the types of process knowledge extractable from emails, thereby enabling process mining from email data [57].
This model categorization illustrates the conceptual frameworks that guide and structure research endeavors in
applied settings.
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Fig. 5. Types of research outcome proposed by the reviewed papers

4.5 Evaluation Data

This section addresses the fourth research question of this study, which investigates the types of data utilized
to evaluate the outcomes proposed in research focused on the pre-analysis stage of process mining. Out of 260
papers reviewed, only 200 (76.9%) mentioned the use of evaluation data. This data was categorized into two main
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types: real-life and artiicial. According to the indings illustrated in Figure 6, most papers utilizing evaluation
data (167 papers, or 83.5% of those using evaluation data) employed real-life data for their assessments. Among
these, 132 papers (66% of those using evaluation data) exclusively utilized real-life data. In contrast, 59 papers
(29.5% of those using evaluation data) used artiicial data, with 24 papers (12% of those using evaluation data)
exclusively utilizing artiicial data. Additionally, 35 papers (17.5% of those using evaluation data) employed both
real-life and artiicial data in their evaluations. In comparison, nine papers (4.5% of those using evaluation data)
did not explicitly specify the data type utilized.

For instance, Raichelson et al. [163] employed real-life data from the 2014 BPI challenge, alongside noise-free
and noise-laden artiicial data, to evaluate their proposed method for merging event logs.
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Fig. 6. Evaluation data types used to test the proposed outcome of the reviewed papers

Among the papers using real-life data, the top three industries providing evaluation data were human health
and social work activities (56 papers, 33.5% of those papers that used real-life data), inancial and insurance activities
(54 papers, 32.3% of those papers that used real-life data), and public administration and defense; compulsory social
security (46 papers, 27.5% of those papers that used real-life data).

Additionally, regarding the number of datasets used for evaluation, 110 papers (55% of those papers that used
data for evaluation) used multiple datasets, while 90 papers (45% of those papers that used data for evaluation)
used a single dataset.

4.6 Evolution of the Research Field

This section addresses the ifth research question regarding the evolution of the research ield. As illustrated in
Figure 7, there has been a consistent increase in the number of papers published in the ield of the pre-analysis
stage of process mining, highlighting the growing interest in this sub-ield within process mining research. This
growth has been particularly pronounced since the second half of the 2010s, with the number of papers published
in 2019 alone surpassing the total published between 2005 and 2013. This trend supports the premise of this study
that research on the pre-analysis stage of process mining is expanding substantially.

Figure 8 provides additional insight into trends in process mining research by categorizing the annual publica-
tion counts based on research goals. Initially, there was a signiicant focus on developing techniques for general
process mining. However, starting from the latter half of the 2010s, there has been a notable proliferation of
research targeting speciic objectives such as privacy-aware and quality-aware process mining.
Overall, the upward trend in research on pre-analysis topics since the latter half of the 2010s, as depicted in

Figures 8 and 9, suggests that researchers are placing more emphasis on the process mining pre-analysis stage,
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including data collection, cleaning, and preparation. This trend is further supported by the increase in research
on privacy-aware and quality-aware process mining, as shown in Figure 8, indicating a growing awareness of the
importance of these issues in the pre-analysis stage of process mining.
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5 Discussion

This section elaborates on the results of our study. As depicted in Figures 8 and 9, there is a discernible increase
in interest in the pre-analysis stage of process mining. Due to the critical dependence of process mining on high-
quality process data, researchers and practitioners have made signiicant eforts to devise tools and techniques to
aid various tasks during the pre-analysis stage. These eforts are crucial in ensuring the generation of suitable
event logs for efective process mining.

Based on our indings (Section 4.1), the predominant objective of a signiicant portion of pre-analysis research
in process mining has been to facilitate general process mining. However, with the emergence of novel paradigms
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in recent yearsÐsuch as predictive process mining, quality-aware process mining, and privacy-aware process
miningÐthe signiicance of the pre-analysis stage has become increasingly apparent in these domains as well.
An interesting trend in the research on the pre-analysis stage of process mining is the temporal growth in
publications, as shown in Figure 8. Initially, from 2005 to the mid-2010s, there was an increase in research aimed
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at enabling general process mining. This was followed by a surge in studies focused on quality-driven process
mining from the early to late 2010s. The late 2010s witnessed a rise in privacy-aware process mining research. In
the early 2020s, there was a modest increase in semantics-aware process mining. This progression suggests that
research objectives in process mining evolve in distinct phases. Moreover, the objective of privacy-aware process
mining can be viewed as a subset of broader societal concerns, such as fairness, diversity, equity, and inclusion6.
Over the past few years, the focus on privacy has been predominant within process mining pre-analysis research.
However, this emphasis may shift in the future as other societal concerns gain prominence.

Concerning RQ1 of this study, which explores the research topics in process mining pre-analysis, we identiied
15 distinct topics that we categorized into four broad themes: getting the data, subsetting the data, data quality, and
privacy. Our analysis revealed that the majority of research has focused on data quality (117 papers, accounting
for 45% of the total) and getting the data (116 papers, representing 44.5% of the total). Together, these two themes,
which encompass 11 of the identiied topics, account for over 80% of the papers reviewed in this study. It is
important to note that this igure is not closer to 90% because some papers contribute to multiple themes. The
prominence of these themes is unsurprising, given that the success of any process mining project is fundamentally
dependent on (i) the availability of data and (ii) the quality of that data. The rapid global adoption of digitalization
by both individuals and organizations has generated vast volumes of data7 8, yet the utility of this data is contingent
upon its quality. This trend highlights the universal challenge of acquiring data that meets the necessary quality
standards, not only within process mining but across various domains.

At the research topic level, the prominence of event log-building (51 papers, representing 19.6% of the total) as
the leading research topic underscores the necessity of converting process data stored in information systems
into event logs for subsequent process mining analyses. This transformation frequently exposes a range of
data quality issues such missing data, timestamp issues, and formatting errors among others. Addressing these
issues is crucial for efective analysis, which is relected in the prominence of log cleaning as the second most
researched topic in the pre-analysis stage (46 papers, representing 17.7% of the total). Lastly, data generation,
identiied as the third most researched topic (28 papers, accounting for 10.8% of the total), highlights the necessity
of generating process data for testing the tools and techniques developed in process mining. It is noteworthy
to highlight the distinction between the target end-users of the irst two research topics and the third. While
event log-building and log cleaning are pertinent to process mining applications within industry settings, data
generation holds greater relevance for academic researchers as data generation primarily aims to advance process
mining algorithms and contribute to the research ield’s overall development. As illustrated in Figure 9, there
has been a notable increase in publications on topics such as event log-building, log assessment, and log cleaning
since 2017. This parallel rise in publications underscores the necessity of assessing the quality of event logs
and performing log cleaning when building event logs. Moreover, the increasing trend towards privacy in data
management is relected in the growth of publications on data anonymization and private data sharing during the
latter half of the 2010s. Additionally, topics like log division and log enrichment have also seen an increase in
research. The higher publication numbers in these areas may be attributed to the growing size of event logs and
datasets, which necessitates eicient management and division into manageable, useful segments, as well as the
enrichment of logs with contextual information to derive deeper insights.

Concerning RQ2 of this study, which addresses the applied research methodologies, it is evident from Figure 4
that a large majority of studies (245, accounting for 94.2% of the total) utilizes design science research as their
primary methodology. This prevalence can be attributed to the focus of many processes mining pre-analysis
research studies on developing novel methods, techniques, and approaches. Notably, only a quarter of the

6https://dictionary.cambridge.org/dictionary/english/dei
7https://www.oecd.org/en/about/news/press-releases/2024/05/growth-of-digital-economy-outperforms-overall-growth-across-oecd.html
8https://www.worldbank.org/en/news/immersive-story/2024/03/05/global-digitalization-in-10-charts
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papers utilizing design science research also incorporate case study and illustration methodologies. This disparity
underscores the challenge researchers face in conducting real-world studies. Furthermore, the number of papers
developing instantiations of their contributions is signiicantly lower than those employing design science research.
There are also some methodologies that occur less frequently such as simulation, ield experiment, action research,
interviews, and surveys. This scarcity can be attributed to two possible explanations. First, these methodologies
may not be particularly suitable for process mining pre-analysis research. Alternatively, the research topic may
not yet be suiciently mature to warrant extensive investigation using these broader methodologies.

Our analysis of the data for RQ3 concerning the type of research outcomes reveals that most papers contribute
either methods (231, representing 88.8% of the total) or instantiations (138, accounting for 53.1% of the total)
because these research outcomes directly address the practical implementation and application of theories and
concepts in process mining pre-analysis. The emphasis on methods and instantiations relects the inherently
applied nature of process mining, which relies on the development of practical solutions and tools that can be
efectively implemented in real-world contexts. The relatively smaller number of papers producing constructs
(17, representing 6.5% of the total) and models (17 representing 6.5% of the total) suggests two hypotheses: (i)
few researchers are interested in conducting research at this level of process mining pre-analysis, or (ii) once
constructs and models are devised and proposed, subsequent researchers use them as foundational elements for
their work, thus not pursuing further research on the constructs and models themselves.

An observation from our review regarding RQ4 concerning the type of data that is used to evaluate solutions
is the prevalent use of real-life data for evaluating research contributions, in contrast to the use of artiicial data.
While sourcing real-life data for evaluation is often perceived as challenging, particularly among researchers, our
indings indicate that many researchers have successfully obtained such data. Nonetheless, this achievement
should not be interpreted as an indication that the process is straightforward. Figure 6 illustrates that over ive
times as many (132, representing 50.8% of the total) studies utilize real-life data exclusively compared to those
using exclusively artiicial data (24, representing 9.2% of the total). However, it is plausible that multiple studies
rely on the same dataset, as evidenced by the extensive use of the BPI Challenge9 dataset in process mining
research.

Regarding RQ5, which addresses the evolution of the research ield of process mining pre-analysis, our study
reveals that early research in this ield had a sporadic character, with only ten papers published between 2005
and 2010. However, 2011 marked a signiicant increase, with the number of published papers rising from one
in 2010 to six in 2011. Since then, the ield has experienced steady growth, particularly in the late 2010s and
early 2020s, when there was a rapid surge in the number of studies conducted on process mining pre-analysis.
This growth is aligned with the increasing adoption of process mining as a crucial analytics tool by businesses10,
coupled with a signiicant rise in investments in and acquisitions of companies providing process mining tools
and services11 12 13. Our data collection concluded in April 2022, at which point only 12 papers had been published
that year. This igure is notably lower compared to the previous ive years, which experienced at least a threefold
increase in annual publications. If this downward trend continues, it may suggest that research in process mining
pre-analysis reached its peak during the 2019-2021 period.
Despite the comprehensive nature of our systematic review, certain limitations must be acknowledged. First,

while we selected prestigious and frequently utilized databases for data collection, this study did not include other
databases that might be relevant. As a result, pertinent papers in those omitted databases may not be covered in
our review. However, we carefully chose multiple well-regarded databases to mitigate this limitation to ensure

9https://www.tf-pm.org/competitions-awards/bpi-challenge
10https://www.gartner.com/en/documents/3991229
11https://earlybird.com/wp-content/uploads/2020/01/191016_Minit_Press-Release_English.pdf
12https://www.celonis.com/press/crunchbase-celonis-raises-1billion/
13https://ir.uipath.com/news/detail/69/uipath-acquires-processgold-to-deliver-unparalleled-end-to-end-process-understanding-solution
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comprehensive coverage and reduce the risk of missing signiicant contributions. Second, the efectiveness of the
review is inherently tied to the search terms used. To mitigate this limitation, we deliberately chose broad search
terms to ensure comprehensive coverage across various aspects of the ield, thereby reducing the likelihood of
missing signiicant studies. Third, the selection criteria signiicantly inluenced the inclusion and exclusion of
studies. Although we adopted a conservative approach during the screening phases to ensure rigor, this does not
entirely eliminate the possibility that some relevant papers might have been inadvertently overlooked. However,
by applying carefully deined criteria and conducting multiple screening rounds, we aimed to minimize this risk
and enhance the comprehensiveness of our review.
We foresee several potential avenues for future research in process mining pre-analysis. There has been a

notable increase in research on topics such as event log-building, log assessment, and log cleaning, as illustrated
by Figure 9. However, other topics, such as privacy and log enrichment, will likely be explored further. These
two topics are particularly compelling as they resonate with contemporary societal concerns. Privacy has been
a signiicant issue globally, especially following the unauthorized use of user data in the Facebook-Cambridge
Analytica scandal in 201814. Similarly, data integration has also gained prominence. In this context, enriching
event logs with external data, such as relevant contextual information [193] or semantics [44], could be interesting.
Further research could explore enriching event logs with additional contextual information, such as the state of
mind of the person executing an activity or the temperature when the activity occurred.

There are several promising directions of future research for this particular literature review as well. Currently,
we have identiied four broad goals in pre-analysis process mining. Future investigations could beneit from
examining these objectives at a iner level of granularity to uncover more speciic goals. For instance, a detailed
analysis of papers focused on enabling process mining might reveal more nuanced objectives. Another potential
research avenue involves studying the types of information systems organizations employ from which data can
be extracted to build event logs. This understanding could help process mining practitioners target speciic types
of information systems used in businesses for data extraction. Additionally, a further extension of this work
could involve analyzing how the investigated dimensions interact with each other. For example, examining the
relationship between research topics and methodologies could provide valuable insights, enabling researchers
to identify the methodologies that have been, or should be, employed to explore speciic topics within process
mining pre-analysis.

6 Conclusion

This paper presents a systematic literature review of studies focusing on the pre-analysis stage of process
mining. Our analysis has covered diverse dimensions, including research topics, methodologies employed, types
of research outcomes, and the evaluation data utilized in assessing contributions. The primary contribution
of this work lies in its comprehensive categorization of research topics pertinent to the pre-analysis stage of
process mining, coupled with the identiication of associated goals. Additionally, we have explored various
research-related dimensions such as methodologies, outcome types, and evaluation data, uncovering emerging
topics such as privacy and semantics in this domain.
This study bears signiicant implications for both researchers and practitioners in process mining. For re-

searchers, it establishes a foundational baseline of research topics by categorizing pre-analysis topics comprehen-
sively, thereby guiding future investigations and identifying avenues for further research. By synthesizing existing
literature, our study also highlights areas where additional exploration is needed, facilitating the development of
new research directions in process mining pre-analysis.

Practitioners can beneit from our study as a valuable reference tool to deepen their understanding of critical
activities during event data pre-analysis. The detailed examination of topics and subtopics serves as a practical

14https://www.nytimes.com/2018/04/04/us/politics/cambridge-analytica-scandal-fallout.html
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guide for practitioners involved in data extraction, preprocessing, privacy assurance, and data quality veriication.
With enhanced knowledge of these pivotal pre-analysis tasks and concepts, practitioners can streamline their
process analysis worklows, ultimately improving the accuracy and relevance of their indings in real-world
applications.
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