
Bridging the Gap: How Process Mining Practitioners 
and Researchers Address Data Quality Issues 

1. Introduction

Process mining is a multidisciplinary field inte-
grating process science and data science principles 
to develop methodologies and tools for analyzing 
operational processes [1]. Although process mining 
originated in the academic environment, over the 
past several years, numerous leading global organi-
zations have adopted process mining in conjunction 
with machine learning, simulation, and automation to 

derive actionable insights [1], [2]. The core premise 
of process mining is that information systems facili-
tating business process execution inherently maintain 
data logs that record executed activities [3]. When a 
high-quality event log can be constructed from these 
recorded data, process mining techniques can be 
employed for retrospective analysis, such as process 
model discovery, bottleneck identification, through-
put and waiting time analysis, and social network 
extraction [4]. Additionally, it can be applied for 
forward-looking analysis, including the prediction of 

Process mining integrates process science and data science to analyze process workflows us-
ing event logs. Initially an academic discipline, it has seen rapid adoption in industry, often 
combined with machine learning and automation. This study explores how researchers and 
practitioners approach data quality issues found in event logs and how they apply preprocess-
ing techniques to minimize or solve said issues. Results show that practitioners often under-
value data quality challenges and rely on basic methods, likely due to limited experience and 
dependence on commercial tools like Celonis. On the other hand, researchers prioritize 
diverse and advanced preprocessing techniques and view data quality issues as critical in pro-
cess mining projects. Respondents with dual roles demonstrate specific expertise, addressing 
diverse challenges with data quality issues and applying more complex preprocessing tech-
niques. The study emphasizes the need for collaboration between academia and industry, 
integrating process mining into education, and enhancing tool capabilities. These steps can 
bridge knowledge gaps, promote best practices, and advance research and practical applica-
tion in process mining.   
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process behavior [1]. Consequently, creating a high-
quality event log is a critical prerequisite for the reli-
able application of process mining techniques [5]. 

The current state of process mining is character-
ized by a dynamic interplay between academic re-
search and commercial application [3]. While signifi-
cant advancements have been achieved in developing 
and improving process mining techniques in the re-
search community, a noticeable gap remains between 
these innovations and their practical adoption in in-
dustry. Commercial applications of process mining 
often focus on scalability, user-friendly interfaces, and 
immediate business value, prioritizing ease of imple-
mentation over exploring advanced techniques [3], 
[4], [5]. Conversely, academic research emphasizes 
theoretical advancements, such as improving the ac-
curacy and reliability of process discovery algorithms, 
enhancing predictive capabilities, and addressing 
complex data quality issues [6]-[11]. The motivation 
for this research arises from the evident gap in under-
standing the practical application of process mining, 
particularly in the crucial domain of event log prepa-
ration and data quality management [11], [12]. While 
most published studies in the field are authored by 
researchers or a combination of researchers and prac-
titioners, little is known about how process mining 
data is being handled in commercial settings. With-
out transparency regarding data handling practices, it 
is difficult to assess the credibility and robustness of 
results achieved in practice. Furthermore, it remains 
unclear whether employees in commercial organiza-
tions are adequately informed about the potential 
data quality issues, which are particularly unique and 
tightly linked to the specifics of the field [10]. 

This research investigates how researchers and 
practitioners view data quality issues and prepro-
cessing techniques, focusing on their roles and ex-
perience levels. A survey was conducted to gather 
insights into the significance and frequency of data 
quality problems, along with recommended prepro-
cessing methods. Previous work analyzed part of the 
survey data [13], identifying important data quality 
issues and common solutions, along with discrepan-
cies in the perceived importance and frequency of 
these issues. The current study uses Chi-square and 
Analysis of Variance tests to examine role-based and 
experience-based differences, finding statistically 
significant results. The study contributes to process 
mining by highlighting trends in the job market, ana-
lyzing respondent demographics, and comparing the 
perceptions and practices regarding data quality is-
sues and data preprocessing. A clear knowledge gap 
is found, as practitioners prioritize simpler methods 

and underestimate the impact of data quality issues 
compared to researchers and those in hybrid roles. 
The findings emphasize the need for advancing 
knowledge and techniques to effectively manage data 
quality challenges in process mining. 

The remainder of the paper is structured as fol-
lows. The literature review covers event log basics 
and categorizes data quality issues and preprocessing 
techniques. The methodology section outlines the 
questionnaire design, participant demographics, and 
data analysis methods. The results section presents 
the findings, while the discussion interprets them. 
The conclusion summarizes key insights, limitations, 
and future directions.

2. Literature review

All automated process discovery techniques as-
sume that event data can be recorded sequentially, 
with each event corresponding to an activity, mean-
ing a well-defined step in the process and belong-
ing to a specific process case or instance of process 
execution [14]. Since an event log consists of a set 
of process instances, a unique case identifier (ID) is 
essential for managing individual process instances 
and linking events to the process case in which they 
occurred [13]. Each case comprises a sequence of 
events executed as part of a single process occur-
rence, where events are defined as activities with spe-
cific names [15]. The timestamp attribute describes 
when an event occurred, enabling the definition of 
the sequence of events [16]. Event logs can include 
additional data that enrich them and enable more 
detailed analysis, such as process resource data [17]. 

Some authors [10], [12] have identified four 
broad categories of data quality issues (i.e., missing 
data, incorrect data, imprecise data, and irrelevant 
data) along with patterns of imperfection that de-
scribe specific manifestations of these issues. Miss-
ing data refers to cases where required data is absent 
from the event log, such as when a case is executed in 
reality but is not recorded [11]. Incorrect data arises 
when data is present but inaccurately recorded, such 
as when cases in the event log are mistakenly assigned 
to a different process [14]. Imprecise data occurs 
when recorded entries are overly generalized, result-
ing in a loss of precision, such as when multiple dis-
tinct events share the same activity name in the event 
log. Irrelevant data involves recorded entries that are 
insignificant for the analysis [15]. These groups of 
data quality issues can be manifested through various 
components of the event log, creating a specific data 
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quality issue [10]. The event log entities where a data 
quality issue can occur are the following: The case 
entity, representing the executed process instance; 
the event entity, referring to the activities within the 
process; the relationship entity, describing the asso-
ciation between cases and events; case and event attri-
bute entities, providing additional information relat-
ed to cases or events; position and timestamp entities, 
recording the activity execution times, where position 
indicates the event’s place in the event log, and the 
timestamp reflects the actual execution time [7]. 

The literature review procedure for determining 
groups of specific event log data quality issues and 
preprocessing techniques is presented in our previ-
ous work [13]. The summarization of the results is 
presented in Table 1. Data quality issues are grouped 
into 22 categories based on the manifestation of spe-
cific data quality issues. Preprocessing techniques are 

grouped into 7 categories based on the approach they 
utilize to minimize or solve data quality issues. 

3. Methodology

3.1 Questionnaire design and distribution

The 22 event log data quality issues and 7 groups 
of preprocessing techniques (Listed in Table 1) are 
used as questionnaire items. The introductory sec-
tion of the questionnaire explains to the respondents 
the motivation and significance of the research. It 
provides basic information about the structure of the 
questionnaire and the time required to complete it. 
Respondents are informed that the questionnaire is 
anonymous and that the data will be used solely for 
the presented research.

Dimension Item

D
at

a 
qu

al
ity

 is
su

es

Missing data: Case

Missing data: Event (Scattered Event)

Missing data: Relationship (Elusive Case)

Missing data: Activity name

Missing data: Case and/or event attribute

Missing data: Timestamp

Missing data: Resource

Incorrect data: Case 

Incorrect data: Event

Incorrect data: Relationship (Scattered Case)

Incorrect data: Activity name (Polluted/Distorted label)

Incorrect data: Case and/or event attribute

Incorrect data: Timestamp (Form-based event capture, Inadvertent time travel, Unanchored event)

Incorrect data: Resource (Polluted label)

Imprecise data: Relationship

Imprecise data: Activity name (Homonymous label)

Imprecise data: Case and/or event attribute (Synonymous label)

Imprecise data: Timestamp (Unanchored event)

Imprecise data: Resource

Irrelevant data: Case

Irrelevant data: Event (Form-based event capture, Collateral events)

Volume, granularity, complexity

Pr
ep

ro
ce

ss
in

g
 te

ch
ni

qu
es

Trace clustering

Repair log techniques

Trace/event filtering

Event abstraction

Artificial Intelligence, Machine learning, Deep learning

Alignment based techniques

Embedded preprocessing

Table 1. Groups of data quality issues and preprocessing techniques (Authors own work)
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The second section, Demographics, explores re-
spondents' experiences and roles in process mining 
and data preprocessing. It includes: 

•	 A five-point Likert scale question assessing 
knowledge of data processing (1 – "poor" to 5 
– "excellent").

•	 A closed-ended question on their role in the 
business process discovery community (1 – "re-
searcher," 2 – "practitioner," 3 – "both").

•	 A question about experience with business pro-
cess discovery (1 – "<1 year," 2 – "1-5 years," 3 
– "5-10 years," 4 – ">10 years").

•	 Open-ended questions about job title, coun-
try of employment, software tools used, and 
process mining applications. Respondents can 
select tools from a dropdown list or add their 
own.

The third section, Data Quality Issues, contains 
two Likert scale questions:

•	 Perceived significance of specific data quality 
problems (1 – "not significant" to 5 – "very sig-
nificant").

•	 Frequency of encountering these problems in 
practice (1 – "never" to 5 – "very frequently").

The fourth section, Event Log Preprocessing 
Techniques, includes questions on event log cleaning 
techniques:

•	 Importance of specific techniques (1 – "not sig-
nificant" to 5 – "very significant").  

•	 Frequency of applying these techniques in 
practice (1 – "never" to 5 – "very frequently").

The representational dimension of the research 
design consists of researchers and practitioners of 
process mining who are familiar with data quality is-
sues and potential solutions. Purposive sampling is a 
type of sampling method used when there is a need 
for targeted participants to possess specific qualities, 
such as knowledge or experience in a particular field 
[15], [16]. Therefore, purposive sampling was ap-
plied in this research, including the entire population 
that meets the criteria.

The sample comprised members of the IEEE 
task force for process mining, authors of published 
papers on data quality issues and their resolution, 
and practitioners of process mining with current 
positions in this field listed on LinkedIn. The ques-
tionnaire was created using the SurveyMonkey tool 
for online surveys and was distributed electronically 
[17] in a predefined sequence. An invitation to par-
ticipate in the research and a link to the electronic 

questionnaire was sent to all potential participants 
on January 15, 2023. Reminder emails were sent in 
three iterations, one week apart. The questionnaire 
was closed on February 15, 2023. Completing the 
questionnaire and participating in the research was 
voluntary.

Out of a total of 404 contacted potential partici-
pants, 230 accessed the electronic questionnaire, 
while 207 completed the entire questionnaire. 
Therefore, the response rate was 51.2%. To ensure 
the quality of the research results derived from the 
data processing, participants who rated their experi-
ence in data processing as "poor" were excluded from 
the data processing procedure. Based on this, the fi-
nal number of responses analyzed for data process-
ing was 202.

3.2 Participants demographics

Respondents were classified into four experience 
groups in data processing: 36.8% rated their experi-
ence as "very good," 29.9% as "good," 23.1% as "excel-
lent," and 10.2% as "moderately good." The sample 
included 36.9% researchers, 36.6% practitioners, and 
23.7% in hybrid roles ("both"). Regarding process 
mining experience, 57.4% had 1-5 years, 23.2% had 
6-10 years, 13.8% had over 10 years, and 5.4% had 
less than 1 year of experience. Respondents were, 
by their occupations, categorized into 20 different 
professional groups. The most common occupation 
among respondents in the field of process mining 
is that of a university professor, comprising 29.6% 
of the total respondents. The next most frequently 
represented occupations are also research-oriented 
roles, such as students, PhD candidates, or teaching 
assistants, accounting for 18.9% of all respondents. 
Following this, a profession closely tied to the field, 
known as a process mining consultant, makes up 
14.3% of the respondents. The subsequent occupa-
tion is that of a data scientist, representing 9.2% of 
all respondents. Process mining analysts account for 
5.6% of the sample, while other professions, such as 
Chief Executive Officers (CEOs), are represented in 
less than 5% of cases. The continental geographic dis-
tribution of the survey respondents is the following: 
71.0% of the respondents are employed in Europe, 
15.5% in Asia, 7.0% in South America, 3.0% in Aus-
tralia (3.0%), 3.0% in the United States (3.0%), and 
0.5% in Africa (0.5%).

The Sankey Diagram presented in Figure 1 illus-
trates the distribution of professionals in various roles 
across different countries. On the left, occupations 
are represented, each with a percentage indicating 
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their relative proportion. On the right, countries such 
as Germany, Spain, Italy, and others show the geo-
graphic locations of individuals in these roles. The 
flows between roles and locations depict the number 
of individuals transitioning from a specific role to a 
particular country, with the width of each band in-
dicating the magnitude. Professions such as "Process 
Mining Consultant" (14%) and "Data Scientist" (9%) 
are notably represented across countries like Ger-
many, Spain, and Italy, which are among the most 
prominent locations in the sample. 

3.3 Data analysis

To examine the differences in the importance 
that respondents in different roles and experiences 
assign to data quality issues in event logs and data 
preprocessing techniques, as well as differences in 
the frequency with which they encounter data quality 
issues and apply preprocessing techniques, an analy-
sis of variance (ANOVA) was conducted. A one-way 
ANOVA [18] is used to investigate differences be-
tween a categorical independent variable and a single 
continuous dependent variable. The null hypothesis 
assumes no statistically significant differences be-
tween the independent variable's groups regarding 
the dependent variable's mean values. The one-way 
ANOVA then calculates the test's significance. If 

the p-value is less than 0.05, the null hypothesis is 
rejected, indicating a statistically significant difference 
between the groups of the independent variable in 
terms of mean values. Additionally, if the ANOVA 
test reveals differences between the observed vari-
ables, a post-hoc Least Significant Difference (LSD) 
test is applied [18]. The LSD test compares differ-
ences between the mean responses of each pair of 
respondent groups, providing insight into how the 
groups differ.

In this study, respondent roles are treated as in-
dependent variables to examine differences in the 
importance assigned to data quality issues in event 
logs and preprocessing techniques and differences in 
the frequency of encountering data quality issues and 
applying cleansing techniques.

The Chi-square test was applied to examine dif-
ferences in the selection of various software tools for 
data processing and process mining among respon-
dents in different roles [18], [19]. The Chi-square test 
is a non-parametric statistical analysis method to as-
sess the likelihood of independence between two cat-
egorical variables. Additionally, a contingency table is 
created during the Chi-square test. The contingency 
table cells display the frequencies or percentages of 
observed combinations between the variable catego-
ries, providing insights into patterns and relationships 
between the variables.

Figure 1. Process mining occupations by country
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4. Results

4.1 Software tool selection based on the 
respondents' role

The results show a statistically significant Chi-
square test (χ2 = 80.553, df = 8, p < 0.01), confirming a 
relationship between the role of the respondents and 
their tendencies in selecting a software tool for the ap-
plication of process mining. Table 2 presents the con-
tingency table resulting from the Chi-square test, which 
shows pattern differences among respondents in terms 
of roles and selection of software tools for process dis-
covery. It can be concluded that researchers, more 
than other groups, use tools such as ProM,  Fluxicon 
Disco, and PM4Py while practitioners predominantly 
use Celonis. Respondents from both (R&P) groups 
most commonly use Celonis and ProM.

The Chi-square test of independence was applied 
to examine the differences between the role of the 
respondents and the selection of software tools for 
data processing in the context of automated business 
process discovery. The results show a statistically sig-
nificant Chi-square test (χ2 = 81.914, df = 8, p < 0.01), 
confirming that there is a relationship between the 
role of the respondents and their tendencies in select-

ing a software tool for data processing. 
Table 3 presents the contingency table result-

ing from the Chi-square test, which shows patterns 
of differences among respondents in terms of roles 
and selection of software tools for data processing. It 
can be concluded that researchers, more than other 
groups, use tools such as ProM, Fluxicon Disco, and 
PM4Py, while practitioners and respondents from 
both groups predominantly use Celonis. 

4.2 Differences in respondents' views 
regarding data quality issues

The first analysis of variance was conducted to 
examine the difference in the importance attributed 
to event log data quality issues by respondents in dif-
ferent roles, with the test results showing a statistically 
significant difference. Table 4 contains the items 
from the event log data quality dimension where 
there is a statistically significant difference in the im-
portance assigned to a particular issue, depending on 
the respondents' role. Respondents may have one of 
three roles: researcher, practitioner, or both. Table 
50 includes the results of F test, the p-value indicat-
ing statistical significance, and the post-hoc LSD test, 
which identifies specific differences.

Role Celonis Fluxicon Disco ProM PM4Py Other

R&P 13 2 10 2 21

Practitioner 40 4 2 4 24

Researcher 3 16 20 15 17

Table 2. Respondents’ role and process mining software tools selection

Role Celonis Fluxicon Disco ProM PM4Py Other

R&P 13 0 8 8 19

Practitioner 35 0 0 4 35

Researcher 3 10 24 22 21

Table 3. Respondents’ role and preprocessing software tool selection

Data quality issue F p-value Post hoc LSD test*

Missing data: Activity name 5.350 0.005 2 < 1, 3

Missing data: Resource 3.994 0.020 3 > 1, 2

Incorrect data: Relationship 3.820 0.024 3 > 1, 2

Incorrect data: Activity name 3.272 0.040 2 < 1, 3

Imprecise data: Activity name 3.789 0.024 2 < 1, 3

Note: *1 - Researcher; 2 - Practitioner; 3 - Both

Table 4. The variance analysis results regarding the difference in how respondents with different roles perceive the importance of 
data quality issues
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The LSD post-hoc test showed that practitioners 
assign less importance to issues such as missing ac-
tivity names, incorrect activity names, and imprecise 
activity names. On the other hand, respondents who 
are both researchers and practitioners assign greater 
importance to issues such as missing resource data 
and incorrect data regarding the relationship between 
events and process cases.

The result of the variance analysis, conducted to 
examine the difference in the frequency of encoun-
tering data quality issues among respondents in dif-
ferent roles, showed a statistically significant differ-
ence between respondents regarding certain issues, 
as presented in Table 5.

The LSD post-hoc test revealed that practitioners 
encounter fewer data quality issues in event logs than 
the other two role groups, specifically missing event 
data, relationship data, resource data, and incorrect 
timestamp data. Additionally, the LSD post-hoc test 
showed that researchers encountered more issues 
than the other two role groups, including problems 
with inaccurate timestamps, irrelevant case data, and 
irrelevant event data. The LSD post-hoc test also in-
dicated that respondents who are both practitioners 
and researchers encounter issues related to incor-
rect resource data more frequently than practitioners 
alone, and they encounter problems with missing re-
source data, incorrect case data, incorrect event data, 
incorrect relationship data, incorrect activity name 
data more frequently than both practitioners and re-
searchers alone.

The analysis of variance (ANOVA) was applied 
to examine the differences in the significance attrib-

uted by respondents with varying levels of experience 
to issues of event log data quality. The respondents' 
experience level was measured using a Likert scale, 
categorizing them as having less than one year of ex-
perience, between 1 and 5 years, between 6 and 10 
years, and more than 10 years of experience. ANO-
VA revealed a statistically significant difference be-
tween respondents with different levels of experience 
regarding their perception of the importance of data 
quality issues.

Table 6 presents the data quality issues for which 
a statistically significant difference was observed in 
the post hoc LSD test results, highlighting the dif-
ferences among discrepancies between respondent 
groups. Respondents with over 10 years of experi-
ence prioritized missing case data less than those with 
under 5 years of experience. Those with 1 to 5 years 
of experience valued missing case/event attributes 
and timestamp data less than respondents with over 
6 years of experience. Additionally, the least experi-
enced group (under 1 year) placed less importance 
on incorrect case-to-event relationship data than all 
other groups.

4.3 Differences in respondents’ views 
regarding preprocessing techniques

The subsequent analysis of variance was conduct-
ed to examine differences in the importance attrib-
uted by respondents in different roles to event log 
cleansing techniques used during data preparation 
for further analysis. This test also yielded statistically 
significant results, with specific preprocessing tech-

Data quality issues F p-value Post hoc LSD test*

Missing data: Event 7.133 0.001 2 < 1, 3

Missing data: Relationship 29.974 0.000 2 < 1, 3

Missing data: Case/event attribute 10.468 0.000 3 > 1, 2

Missing data: Resource 15.214 0.000 2 < 1, 3; 3 > 1, 2

Incorrect data: Case 11.751 0.000 3 > 1, 2

Incorrect data: Event 9.049 0.000 3 > 1, 2

Incorrect data: Relationship 21.497 0.000 3 > 1, 2

Incorrect data: Activity name 3.811 0.024 3 > 1, 2

Incorrect data: Timestamp 6.654 0.002 2 < 1, 3

Incorrect data: Timestamp 4.614 0.011 1 > 2

Incorrect data: Resource 3.607 0.029 3 > 2

Irrelevant data: Case 6.237 0.002 1 > 3

Irrelevant data: Event 5.043 0.007 1 > 2, 3

Note: *1 - Researcher; 2 - Practitioner; 3 - Both

Table 5. The variance analysis results regarding the difference in how often respondents with different roles encounter data quality 
issues
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niques where differences in perceived importance 
among respondent roles are detailed in Table 7.

The LSD post hoc test revealed that practitioners 
consider trace/event filtering, event abstraction, and 
trace clustering techniques less critical than the other 
two groups. Conversely, researchers view event log 
repair techniques as less vital than practitioners and 
built-in data processing techniques as less important 
than the other two groups.

The results of the variance analysis conducted 
to examine differences in the frequency of applying 
event log preprocessing techniques among respon-
dents in different roles revealed a statistically signifi-
cant difference. The event log preprocessing tech-
niques for which statistically significant differences 
were identified are presented in Table 8.

The LSD post hoc test showed that practitioners 
apply trace clustering and trace/event filtering less 

frequently than the other two groups. On the other 
hand, researchers utilize event log repair techniques 
and approaches based on machine learning, artificial 
intelligence, and data mining to a greater extent. Ad-
ditionally, respondents who identify as practitioners 
and researchers use event abstraction techniques less 
frequently than the other two groups.

The Table 9 presents the event log preprocess-
ing techniques for which a statistically significant dif-
ference in the application was observed among re-
spondents with varying levels of experience. The post 
hoc LSD test indicates that respondents with more 
than 10 years of experience apply path clustering and 
event abstraction techniques more frequently than all 
other groups. Additionally, respondents with 1 to 5 
years of experience utilize event log repair techniques 
to a greater extent.

Data quality issue F p-value Post hoc LSD test*

Missing data: Case 2.905 0.036 4 < 1,2

Missing data: Case/Event attribute 3.667 0.013 2 < 3,4

Missing data: Timestamp 5.556 0.001 2 < 3,4

Incorrect data: Relationship 3.272 0.040 2 < 1,3

Note: * 1 – less than one year; 2 – 1-5 years; 3 – 6-10 years; 4 – more than 10 years

Table 6. The variance analysis results regarding the difference in how respondents with different levels of process mining experience 
perceive the importance of data quality issues

Preprocessing technique F p-value Post hoc LSD test*

Trace clustering 4.728 0.010 2 < 1,3

Repair log techniques 5.093 0.007 1 < 2

Trace/event filtering 7.331 0.001 2 < 1,3

Event abstraction 15.184 0.000 2 < 1,3

Built-in preprocessing techniques 3.843 0.023 1 < 2,3

Note: *1 – Researcher; 2- Practitioner; 3 - Both

Table 7. The variance analysis results regarding the difference in how respondents with different roles perceive the importance of 
preprocessing techniques

Preprocessing technique F p-value Post hoc LSD test*

Trace clustering 8.136 0.000 2 < 1, 3

Repair log techniques 10.832 0.000 1 > 2, 3

Trace/event filtering 10.161 0.000 2 < 1, 3

Event abstraction 3.616 0.029 3 > 1, 2

Built-in preprocessing techniques 6.404 0.002 2 > 1

ML, AI, and DL 4.355 0.014 1 > 2

Note: *1 – Researcher; 2- Practitioner; 3 - Both

Table 8. The variance analysis results regarding the difference in how often respondents with different roles utilize preprocessing 
techniques
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5. Discussion

The geographical distribution of individuals en-
gaged in process mining, both commercially and in 
research, is significant. Europe remains the primary 
hub, with notable growth in India. Interestingly, pro-
cess mining tends to flourish in regions where Celo-
nis establishes operations [11]. Various occupations 
and their associated skill sets have been identified. 
In addition to typical academic roles, specialized 
positions directly related to process mining have 
emerged, such as process mining consultant, analyst, 
and project lead, indicating that the field has estab-
lished itself in the industry [13]. Additionally, it can 
be concluded that data scientists, data analysts, and 
business analysts are given opportunities to work in 
the process mining field. As differences in the soft-
ware tool selection are considered, linked to varia-
tions in techniques and their perceived importance, 
researchers predominantly use ProM, PM4Py, and 
Disco, while practitioners favor Celonis [9], [14].

Differences were found among respondents with 
varying roles regarding the significance they assign 
to data quality issues. Practitioners tend to consider 
certain quality problems less significant than other 
groups. Specifically, they place less importance on 
issues related to incorrect event-case correlations 
and all types of activity labeling problems. These is-
sues were categorized as high-priority by the major-
ity of respondents [13], suggesting that practitioners 
may lack sufficient knowledge about the importance, 
manifestation, and impact of data quality problems 
on process analysis outcomes. This observation can 
be linked to practitioners frequently using the Celonis 
software tool, which requires minimal understanding 
of data preparation and the underlying logic of pro-
cess discovery techniques [17]. It may also relate to 
their relatively limited experience, typically within the 
1–5-year range.

Regarding the frequency of encountering data 
quality problems, variance analysis revealed that re-
spondents identified as researchers and practitioners 

encounter a wider variety of data quality issues more 
often than those in exclusively researcher or practitio-
ner roles. This suggests that individuals in this hybrid 
group possess the most diverse and comprehensive 
knowledge of process discovery [18]. Variance analy-
sis provided observations concerning the perceived 
importance and frequency of applying event log 
preprocessing techniques. Researchers attribute less 
importance to built-in data preprocessing techniques 
than other groups. These built-in techniques, embed-
ded in process discovery algorithms, are limited to 
basic functionality, such as filtering activities based 
on their frequency or their connections to other ac-
tivities, making them easy to use [19], [20]. However, 
researchers tend to favor more complex techniques 
compared to practitioners, who assign lower impor-
tance to advanced methods like event abstraction 
and trace clustering. This information suggests that 
practitioners do not put a special focus on the detec-
tion, manifestation, and management of data quality 
issues. Additionally, preprocessing techniques that 
they apply are used only to filter the data, disregard-
ing specific data quality issues that remain and lower-
ing the amount of data that will be analyzed [21], [22]. 

Based on the discussed results, some practical 
implications can be made. A more significant inter-
action between researchers and practitioners could 
bridge knowledge gaps, enhance tool development, 
and align techniques with practical needs. Addition-
ally, collaborative projects and joint workshops effec-
tively facilitate this exchange. A possible future solu-
tion could be incorporating process mining courses 
into software engineering, data science, and business 
process management curricula to prepare students 
for both academic and commercial roles while fos-
tering a deeper understanding of process mining 
methodologies and reducing reliance on limited-use 
tools. Training programs and certifications for prac-
titioners should emphasize the importance of de-
tecting, managing, and resolving data quality issues, 
as improved awareness can significantly enhance 
the accuracy and effectiveness of process analyses. 

Preprocessing technique F p-value Post hoc LSD test*

Trace clustering 2.62 0.052 4 > 1, 2, 3

Repair log techniques 4.292 0.006 2 > 1, 3, 4

Event abstraction 2.933 0.035 4 > 1, 2, 3

Note: * 1 – less than one year; 2 – 1-5 years; 3 – 6-10 years; 4 – more than 10 years

Table 9. The variance analysis results regarding the difference in how respondents with different levels of process mining experience 
perceive the importance of data quality issues
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Furthermore, commercial tools should integrate ad-
vanced preprocessing techniques and offer training 
on their use, enabling practitioners to move beyond 
basic filtering methods toward more comprehensive 
data preparation practices. These initiatives can col-
lectively advance the process mining field, bridging 
gaps between academia and industry and fostering 
more significant innovation and adoption.

6. Conclusion

This study highlights the disparities between aca-
demic and commercial applications of process min-
ing, particularly regarding data quality issues and 
preprocessing techniques. The findings reveal that 
practitioners often prioritize more straightforward 
methods and underestimate the impact of data qual-
ity challenges, which may be attributed to limited ex-
perience and reliance on user-friendly tools. Bridg-
ing the gap between academia and industry through 
collaborative efforts, such as joint projects and work-
shops, and integrating process mining courses into 
educational curricula is essential for advancing the 
field. Additionally, training programs and enhance-
ments in commercial tools to support advanced pre-
processing techniques can empower practitioners to 
address data quality issues effectively. These mea-
sures will enhance the reliability of process mining 
outcomes and foster a stronger, more cohesive com-
munity, driving innovation and adoption across re-
search and practice.

When considering the limitations of this research, 
it is essential to note that while Pearson's Chi-square 
test showed a statistically significant result indicating 
a relationship between variables, further analysis and 
interpretation may be necessary to understand the na-
ture and strength of this relationship. Additionally, to 
the author's knowledge, no similar prior research has 
been conducted, making it impossible to compare the 
results' adequacy. Future work could focus on devel-
oping strategies for suggestions regarding collaborative 
workshops and academic curriculum development.
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