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Abstract. This paper presents the results of an industry expert sur-
vey about event log generation in process mining. It takes academic
assumptions as a starting point and elicits practitioner’s assessments of
statements about process execution, process scoping, process discovery,
and process analysis. The results of the survey shed some light on chal-
lenges and perspectives around event log generation, as well as on the
relationship between process models and process execution, and derive
challenges for event log generation from it. The responses indicate that
particularly relevant challenges exist around data integration and qual-
ity, and that process mining can benefit from a systematic integration
with more traditional and wide-spread business intelligence approaches.

Keywords: Process mining · Event logs · Business process
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1 Introduction

Started as an academic discipline, the focus of process mining has mostly been
on concepts and algorithms that analyze observed process behavior and compare
it to behavior that has been defined in process models. Process mining is based
on event logs, which represent real-world business process executions. More con-
cretely, an event log consists of a sequence of events, each of which includes at
least a case identifier and an activity reference. Until recently, the assumption
has been that event logs of this structure are readily available [5]. With the
industrial uptake of process mining, this assumption has been challenged, and
the importance of event log generation has become evident. Practical experiences
indicate that the generation of event logs incurs substantial efforts [4,7].

In order to better understand the practical challenges of event log generation
in process mining, the authors have conducted a survey with different stakehold-
ers ranging from domain experts to systems designers and software engineers.
This paper describes the structure of the survey as well as the main results of
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Fig. 1. Overview of process mining concepts and tasks.

the empirical study, and it derives focal areas for industrially relevant research
in event log generation, and – more broadly – in process mining.

The remainder of this paper is organized as follows. After introducing the
main concepts in process mining, we motivate the survey and provide the
research questions that we aim to answer. The survey is presented and its results
are discussed, before concluding remarks complete the paper.

2 Process Mining Overview

For more than a decade, the academic process mining community has developed
an impressive arsenal of process mining methods, techniques, and tools. Several
of those have recently found their way to industrial practice. In this section, the
main tasks that can be performed in process mining projects are categorized and
the role of event log generation is highlighted. In Fig. 1 important concepts in
process mining are presented, and the different process mining tasks are shown.

Business process management is based on process models that provide an
abstract representation of the business processes of an organization. These pro-
cess models are used in different ways. So-called as-is process models describe the
current state of the business processes. They are analyzed and improved, leading
to to-be process models, which represent new and improved business processes
that will be implemented in the organization. Since they acts as blueprints for
business processes, we refer to them as “blueprint process model(s)” in Fig. 1.

A blueprint process model is used to implement the corresponding business
process, configuring a process execution environment as specified in the process
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model. It is worth noting that processes are not always implemented exactly
as specified by the blueprint process model. In fact, finding and quantifying
deviations of the blueprint process model and the executed process instances is
one important challenge in process mining. Blueprint process models can even
be missing, so that the process is implemented based on a traditional require-
ments engineering effort, or merely based on the understanding that the systems
engineers have of the process.

During process execution, process execution data is generated. This data
is located in different data stores. It can be of an arbitrary structure, ranging
from well-structured data stored in relational databases to spreadsheets and text
files. Event log generation is facing the challenge of integrating those data sources
and to provide an appropriate basis for the main process mining tasks process
discovery, conformance checking (and other analyses), and process enhancement.

In process discovery, the event log is used to “re-engineer” a process model
whose instances have been observed in the event log. Ideally, the generated pro-
cess model matches the blueprint process model. As experience shows, this is
hardly ever the case. Conformance checking provides techniques and tools to
compare an event log with the blueprint process model. Valuable insights can
be inferred from conformance checking, for instance about missing activities or
activities that have been observed in the event log and that cannot be found
in the blueprint process model. Obviously, conformance checking can only be
performed if a blueprint process model is available. In process enhancement, we
analyze the discovered process model and draw conclusions on how to improve
– or, enhance – the blueprint process model. This task is typically performed by
domain experts that are knowledgeable about the process and can interpret the
discovered process model properly.

3 Motivation, Research Questions, and Survey Structure

While at first sight event log generation seems like a straightforward task, in
practice, it turns out that it is not. The complicating factors are manifold, rang-
ing from heterogeneous data sources and data quality issues to challenges that
are related to the goal of the process mining task at hand.

To motivate challenges in process mining and their effect on event log gen-
eration, we consider a process mining project in a hospital setting that looks at
medication aspects of patients with lower back pain syndrome. An important
aspect of event log generation is the definition of a case identifier. In the hos-
pital example, we might choose the patient identifier as case identifier. This is
convenient, since the data entries that we find always have a patient identifier
associated. However, selecting the patient identifier as case identifier might lead
to undesired outcomes during process analysis. This is due to the fact that a
case does not only contain activities that are related to lower back pain, the
disease we are interested in. Instead, other diseases that the patient has suffered
from are also part of the process that we mine (and its instances). If a patient
suffered from an arm fracture, she might have been administered painkillers
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already, which would be falsely associated with her lower back pain condition
that we are interested in. This example illustrates that the selection of the case
identifier has severe implications on event log generation.

Based on these considerations, the survey aims at answering the following
research questions.

RQ1: How do process models impact process executions and how are process
mining opportunities affected?

RQ2: What are the main conceptual challenges in event log generation?
RQ3: What are the main technical challenges in event log generation?

To provide a holistic view on the different challenges of event log generation and
to address the research questions, the following areas are covered by the survey.

– Process Execution: Since event logs are based on data that is generated during
business process execution, it is essential to investigate how business processes
are actually executed. This area of questions involves the role of process mod-
els as well, because those are required for specific process mining tasks, for
instance for conformance checking [2].

– Process Scoping: If events in an event log belong to different business processes
and we use that log in process discovery, the resulting process model becomes
complex and does not reflect the desired process properly. One reason is
improper scoping of the process, which is another important aspect that needs
to be covered when generating event logs [1].

– Data Sources and Event Logs: Event logs use data that might be stored in
different, heterogeneous data sources [5]. The questions in this area address
the quality and number of data sources used in process mining projects as
well as the effort that is incurred by event log generation.

– Process Discovery: In process discovery, we are interested in discovering pro-
cess models from event logs. We can compare those discovered process models
with process models that have served as blueprints of the process execution.
To find out more about these aspects, the survey contains questions related
to issues in process discovery that might point to problems related to the
event log that was used as input to process discovery.

– Process Analysis: Even though process discovery can be regarded as a subset
of process analysis, we have decided to separate these two areas. In process
analysis, we ask questions related to performance indicators of the process.
The questions are important for event log generation, since we have to make
sure that the relevant data attributes actually find their way to the events in
the generated event log.

In each area mentioned, the survey asked for the assessment of several state-
ments, such as “It is straightforward to find the correct scope of a process,
from start to end.”. The survey invited answers based on a 5-point Likert
scale (Strongly disagree/SD, Disagree/D, Neutral/N, Agree/A, and Strongly
Agree/SA). The area Data Sources and Event Logs was augmented by two addi-
tional questions about the typical number of data sources of an event log and
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common types of data sources. Broader open text feedback could be provided as
well, but is subject to organizational nondisclosure requirements1.

4 Survey Results

The authors have conducted the survey from December 2021 through January
2022. Employees of a large enterprise systems vendor have been asked to partic-
ipate, and respondents were sampled from teams of process mining and business
process intelligence experts. Subjects have different educational and professional
backgrounds, from technical and engineering to business and management. They
also serve in different roles in the company, including solutions, engineering, and
product innovation. In the remainder of this section, we focus on the demograph-
ics of subjects, before considering the responses to the survey questions.

Prior to the survey, a pilot survey was conducted to gather feedback from five
selected experts; the refinement based on the feedback resulted in the presented
survey. For each Likert-scale assessment, a bar chart with the responses is pro-
vided, alongside a table that provides (for the overall group of respondents, as
well as for demographic groups) the median, mode, and a simplified mode (Sim.
Mode) that aggregates “strongly disagree” (SD) and “disagree” (D) to “disagree”
(D), as well as “strongly agree” (SA) and “agree” (A) to “agree” (A). One ques-
tion asked for an approximate quantification (as a categorical answer/selection).
The content of one free-text answer is aggregated and summarized.

Because the differences between demographic groups are not the main focus
of the study, and because it was not possible to control for confounding features
like team-level organizational assignment or role changes over time, no analysis
of the statistical significance of the assessment differences between demographic
groups is made. We merely observe that general alignment with respect to the
assessment direction typically brings with it alignment between demographic
groups. In contrast, investigating the demographic impact on the lack of align-
ment as observed in the assessments of some statements is out of the scope of
this paper and would require further research.

To comply with page limitations, diagrams that visualize the results have –
with one exception – not been included in the paper. An extended version of this
paper that features an appendix with diagrams, as well as with tables that give
an overview of the medians and modes of responses for different demographic
groups, is available at https://arxiv.org/abs/2202.02539.

4.1 Demographics

Overall, the survey was answered by 32 subjects. Demographic information can
be summarized as follows.

1 Let us highlight that no open feedback that contradicts the other survey results was
received.

https://arxiv.org/abs/2202.02539
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Years of industry work experience: 2 subjects (6.3%) reported 0–1 years;
4 (12.5%) 1–3 years; 11 (34.4%) 3–5 years; 2 (6.3%) 5–10 years; 13 (40.6%)
more than 10 years.

Years of process mining work experience: 3 subjects (9.4%) reported 0–1
years; 15 (46.9%) 1–3 years; 13 (40.6%) 3–5 years; 1 (3.1%) 5–10 years.

Educational background: The survey offered a range of options, as well as
an open text field to specify the educational background. Aggregated, the
categories Science/Engineering : 23 (71.9%) and Mixed/other : 9 (28.1%) were
obtained.

Role in the organization: the survey provided a selection of prevalent internal
roles, as well as an open text field. The results were then aggregated into the
categories Product/Engineering (abbreviated as Pro./eng.): 15 (46.9%) and
Solutions/Consulting (Sol./cons.): 17 (53.1%).

One respondent reported more process mining work experience than industry
work experience, which can potentially be explained by work experience in a
non-industry context, such as in academia. As another aggregated category, the
experience levels are aggregated to Experienced (Exp) (14, 43.8%) and Newcom-
ers (New) (18, 56.2%), where falling into the former category requires at least
three years of process mining experience, as well as at least five years of industry
experience.

4.2 Process Execution

The to-be-assessed statements regarding process execution aimed at eliciting a
broader, nuanced perspective on the roles that (formal) process models play
in business process execution. Assessments of the following statements were
requested.

1. Business processes are executed exactly as specified in process models. This
statement reflects the traditional academic assumption that process models
are executable specifications. Not surprisingly, most respondents disagreed
(14) or strongly disagreed (12) with this statement, while merely two respon-
dents agreed (one of the two strongly agreed)2. No substantial differences
between demographic groups seem to exist.

2. Process models are used as requirements specifications that are then imple-
mented in IT systems. This statement can be considered a relaxation of the
previous one: if process models are not ‘directly’ executed, they at least inform
the specification of systems that execute business processes. There is no con-
sensus about this statement, but a simple majority (14: 10 A, 4 SA) of the
respondents agreed with the statement, while relatively few (7) disagreed (no
one strongly disagreed). Consultants reported to agree more with this state-
ment than product managers and engineers; the same applies to respondents
with technical education vs. ‘other/mixed’ education and experienced prac-
titioners vs. newcomers.

2 Here and henceforth, the number of neutral responses can – if not explicitly stated
– be determined by subtracting the number of all other respondents from 32.
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3. Process models are not used to implement processes. This statement can be
considered a contradiction of the former statement. Indeed, no respondent
expressed agreement with this statement and with the former statement.
Most respondents disagreed (6) or strongly disagreed (15), whereas only two
respondents agreed (no one strongly agreed). The assessment is consistent
across demographic groups.

The responses suggest that process models are rarely directly executed, but still
relevant for execution in that they inform business process implementation in
IT systems in some ways. While this conclusion is not particularly surprising
from an industry perspective, it allows for the conclusion that academically it is
important to acknowledge that many process models are primarily for humans
to understand and discuss and not necessarily for machines to automatically
execute.

4.3 Process Scoping and Data Sources

The statements regarding process scoping aimed at eliciting an assessment of
how challenging the identification of events and the data sources that provide
them actually is. Assessments of the following statements were requested.

1. It is straightforward to find the correct scope of a process, from start to end.
This statement challenges the assumption that identifying the scope of a
process, from start to end, is indeed challenging. Most respondents strongly
disagreed (7) or disagreed (15) with this statement; a small minority of respon-
dents (3) agreed with the statement (no one strongly agreed). Disagreement
is consistent across demographic groups.

2. It is straightforward to group events to process instances (finding the case
ID, group by case ID). This statement challenges the assumption that event
correlation is challenging. Respondents broadly disagreed (15) or strongly dis-
agreed (5) with the statement; however there is some misalignment among
respondents, with seven respondents reporting agreement and two strong
agreement. Still, disagreement is dominant across demographic groups.

3. It is straightforward to locate the data sources that we need for generating an
event log. The statement claims that locating data sources for event log gen-
eration is trivial. While most respondents strongly disagreed (3) or disagreed
(13) with this claim, there are also some who agreed (7) or strongly agreed
(1). Overall, the median is between disagreement and a neutral attitude. We
find differences among the demographic groups. The median is ‘disagree’ for
respondents who work in product development, as well as for respondents
who have a not exclusively technical education and respondents who are rela-
tively new to process mining or industry work. It is ‘neutral’ for respondents
with technical education, respondents who work in solutions/consulting, and
respondents who are generally more experienced. While some form of dis-
agreement is the most common response type across all demographic groups,
the responses are largely inconclusive: locating data sources may be a chal-
lenge, but is not necessarily so.
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4. Typically, data quality issues do not affect event log generation. The statement
challenges the practical assumption that a key problem in process mining is
obtaining high-quality data and mitigating data quality issues. Most respon-
dents strongly disagreed (13) or disagreed (12) with this statement, while
there was little agreement (3) and strong agreement (1). Disagreement dom-
inates across demographic groups, suggesting that addressing issues around
data quality is in fact a challenge when generating event logs.

The responses suggest that scoping business processes regarding their temporal
scope (from start to end), as well as correlating events to cases (identifying
case IDs) is challenging. Also, data quality issues are prone to affect event log
generation. It could not be confirmed that the identification of data sources poses
a substantial challenge.

4.4 Event Logs

The requests for assessment were augmented with additional questions about
data sources for event logs. Assessments of the following statements/answers to
the following questions were requested.

1. Event log generation incurs significant efforts in process mining projects. This
statement reflects the assumption that a substantial part of overall efforts in
process mining are spent on event log generation. Most respondents strongly
agreed (13) or agreed (13) with this statement. Merely 2 respondents dis-
agreed (and no one strongly disagreed). Agreement is largely consistent across
demographic groups.

2. Extract-Transform-Load (ETL) pipelines provide all information needed in
an event log. The statement asks for an assessment of the extract-transform-
load pipeline architecture for event log generation. A simple majority of
respondents assessed the statement as neutral (13), whereas eight respon-
dents agreed, ten disagreed and one strongly disagreed (no one strongly
agreed). Disagreement is somewhat stronger among respondents with a prod-
uct/engineering background, as well as among respondents with a non-
technical or hybrid education. Overall, no clear signal of support or opposition
to the statement could be elicited.

3. How many backend systems are typically providing the data for a single event
log? The statement challenges the assumption that event logs are typically
generated from the data provided by a single system. Generally, there is no
agreement on how many systems are typically used; six respondents stated
that one system is used (6/“one”); otherwise the responses are: (8/“two”),
(1/“three”), (9/“more than three”), and (8,“I don’t know”). The relatively
large proportion of participants that answered “I don’t know” can poten-
tially be explained by the fact that some respondents wanted to indicate
that there is no simple answer, i.e., the number of systems varies between
projects. Interestingly, respondents who work as consultants most frequently
stated that typically, one backend system is used, whereas respondents with
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an exclusively technical education equally frequently reported the use of one
and of two backend systems; respondents with substantial industry and pro-
cess mining experience most frequently selected “two” (however, equally many
selected “I don’t know”); these modes are lower than the overall mode, and
the modes provided by other demographic groups. The responses allow draw-
ing the conclusion that event logs are not necessarily generated from a single
backend system.

4. In a given system, the information needed for an event log is stored in a
single relational table. This statement somewhat naively asserts that event
log data can be extracted from exactly one relational database table but
does not directly contradict the previous statement (as it is possible that the
data can be provided by several systems, but by exactly one table in each
system). Most respondents strongly disagreed (17) or disagreed (10) with this
statement; merely one respondent agreed with the statement (no one strongly
agreed). Disagreement is largely consistent across demographic groups. The
results suggest that typically, event logs cannot straightforwardly be extracted
by reading out data from one specific database table.

5. What are typical data sources of event logs? (E.g., relational database tables,
document collections, CSVs, ...). The question aims at getting an overview
of typical data sources. After manually clustering the responses (considering
that one participant can provide multiple responses as part of the free-text
answer), the following categories are obtained and populated. i) relational
databases and tables thereof (RDB): 16 respondents; ii) API access or sim-
ilar to enterprise systems (API): 8; iii) CSVs files (CSVs): 8; iv) Database
(generic, DBG): 5; v) no SQL/big data storages/data lakes (NoSQL/DL): 5;
vi) Message queues/event-based (MQS): 3; viii) JSON content (JSON): 2;
XES or XML files, or logs: 1 each. Figure 2 displays the categories and the
number of responses that reflects each category.

The responses confirm the assumption that event log generation efforts are
substantial and that sources for event logs are often relational databases of enter-
prise systems or CSVs, whereas data lakes and event-based systems seem to be
emerging as alternatives. In contrast, XES is – apparently – typically not used
(and possibly not available), which raises questions about the practical impor-
tance of the XES XML standard3. Additionally, the responses suggest that event
logs are typically not extracted from a single database table and not necessarily
from a single backend system.

4.5 Process Discovery

The statements regarding process discovery aimed at gauging the relevance of
mining complex control flows from an industry perspective. Assessments of the
following statements were requested.

3 This finding is to some extent confirmed by the results of another recent expert
survey [8].
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Fig. 2. Data sources for event log generation.

1. In process discovery, we encounter complex process models. The statement
asserts that process complexity plays a role in process discovery. Almost all
respondents strongly agreed (18) or agreed (13) with this statement (no one
disagreed or strongly disagreed). Agreement is largely consistent across demo-
graphic groups, with respondents working in product or engineering roles
expressing slightly less strong agreement. This lets us conclude that manag-
ing complexity plays a relevant role in process discovery.

2. In process discovery, the ordering of activities is important to me (e.g., it is
important to know that “activity A always precedes activity B”). This state-
ment asserts that the notion of a process as an ordered sequence of activities
is practically relevant when discovering processes. Almost all respondents
strongly agreed (14) or agreed (15) with this statement (no one strongly dis-
agreed or disagreed). Across demographic groups, agreement strength varies,
but there is generally clear agreement, which supports the conclusion that
activity ordering is indeed important.

3. Most discovered processes are sequential (no branching or concurrency). This
statement challenges the assumption that process complexity in terms of vari-
ance and concurrency matters and stands in contrast to the first statement in
this group. Most respondents strongly disagreed (8) or disagreed (14), whereas
relatively few agreed (3) or strongly agreed (2). Disagreement is somewhat
consistent across demographic groups, although respondents working in con-
sulting exhibit a more neutral attitude. Disagreement is relatively strong
among respondents with substantial experience or with a not exclusively tech-
nical background. The results allow us to carefully draw the conclusion that
discovered processes tend to be not sequential. Interestingly, the signal we get
from these responses is weaker than the signal that we get from the responses
to the first statement, indicating that branching and concurrency may not
account for all complexity that we encounter in process discovery.
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The responses suggest that managing complexity, activity ordering and (to a
slightly lesser extent) variants, are indeed practically relevant challenges.

4.6 Process Analysis

The statements regarding process analysis aimed at eliciting an assessment of
the relevance of Key Performance Indicators (KPIs), conformance checking, and
traditional Business Intelligence (BI) in the context of process analysis. Assess-
ments of the following statements were requested.

1. An important goal of process mining is the calculation of KPIs. The statement
asserts that Key Performance Indicators (KIPs, or, in the context of business
process management: Process Performance Indicators, PPIs) play an impor-
tant role in process mining. Most respondents strongly agreed (10) or agreed
(17) with this statement. Merely two respondents disagreed (no one strongly
disagreed). Agreement is consistent across demographic groups, which lets us
conclude that KPI calculation is indeed important.

2. In process mining, it is difficult to identify meaningful KPIs. The statement
asserts that identifying meaningful KPIs is a challenge, which is a widely
accepted premise for performance measures in general. There is broad dis-
agreement among the respondents with respect to this statement. While
no respondent strongly agreed, many (12) agreed, and many strongly dis-
agreed (3) or disagreed (11). Respondents that work as consultants or have
an exclusively technical background expressed more agreement than other
demographic groups. The results merely allow for the conclusion that it is
not clear whether identifying meaningful KPIs is difficult; it may be difficult
in some scenarios and straightforward in others.

3. Comparing the event log with a process model is important in process analysis.
This statement reflects the notion of conformance checking, which is a key
aspect of academic research on process mining. Most respondents strongly
agreed (9) or agreed (13), while few strongly disagreed (1) or disagreed (4).
Agreement is largely consistent across demographic groups, which lets us
conclude that comparing event logs with blueprint process models is indeed
important.

4. A better integration of Business Intelligence (BI) and process mining would
be valuable. This statement reflects the practical intuition that process mining
and related analyses is related to business intelligence and hence should be
integrated with it. Most respondents strongly agreed (11) or agreed (17) with
the statement, whereas merely one disagreed (no one strongly disagreed).
Agreement is largely consistent across demographic groups. The results con-
clude that the integration of BI and process mining is indeed a relevant fron-
tier for research and innovation.

The responses suggest that KPIs play an important role in process mining, and
that the integration of business intelligence and process mining is a practically
relevant research direction, but also that comparing event logs with manually
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created process models (which relates to the academic research field of confor-
mance checking) appears to be an important aspect. Whether it is difficult or
not to identify KPIs cannot be answered by our study.

5 Discussion

It is important to highlight that the survey’s findings need to be seen in the light
of its limitations. In particular, the survey was conducted among employees of a
single enterprise software system vendor with strong expertise in process man-
agement and process mining. Our ‘insider’ access allowed for a precise targeting
of potential respondents. Considering that respondents are i) from different parts
of an organizational unit that has been recently (prior to the survey) created
as the result of an acquisition and ii) relatively diverse given their experience
levels and roles in the organization, the strong alignment of results across demo-
graphics suggests that many of the findings can potentially (but not necessarily)
be generalized by broader follow-up studies. Such studies are relevant future
research, considering the specific population that the survey sampled from, as
well as the relatively small sample size. The remainder of this section discusses
the key findings of the survey.

5.1 Questioning Academic Assumptions

The academic business process management and process mining community has
traditionally close contacts to industry, which is evident given the many uni-
versity spin-offs (startups) in the area and many collaboration projects between
academia and industry. Still, the focus of academia and research is, by nature, dif-
ferent from the main objectives of industry organizations. While industry focuses
on practical challenges that provide value to customers, academia’s main interest
is well-scoped, intellectually challenging problems that look for elegant solutions.
To come up with those solutions, academic assumptions have to be made.

With this survey we could confirm some of those assumptions, while rejecting
others. Traditionally, academia has frequently assumed that process models are
interpreted by process engines that would enact the process exactly as speci-
fied. More recently, academia is increasingly critical about this assumption, even
challenging the value of process models. The survey provides interesting findings
in this regard. It rejects the idea that business process models are exact specifi-
cations of processes that run in the real-world. At the same time, process models
provide significant value by their role in defining requirements during systems
development.

It is worth noting that the finding questions the direct link between model and
execution, as depicted by Fig. 1. We have to read this link as information flow,
being used in a translation from model to executable process. This translation
requires human interpretation, typically with the help of dedicated systems for
enterprise system configuration. More broadly speaking, because process models
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may be useful in ways that diverge from academic assumptions, approaches to
assessing their correctness need to be re-thought as well4.

5.2 Relevance of Academic Research

The results indicate that well-established research directions that are concerned
with the mining of process control flow and variants therein, as well as with the
comparison of expected (modeled) and factual (mined) flow are important from
an industry perspective. These findings are to be interpreted carefully, i.e., there
are process mining practitioners who believe in the importance, but industry
experts that focus on traditional business intelligence or machine learning-based
analytics may assess the corresponding statements differently – or are not aware
of their potential. Process complexity is regarded as an important problem, which
might hint at the challenges in process scoping, discussed above. If processes are
not well scoped, this means that events of different processes are used in process
discovery. Since these processes might run independently from each other, events
occur concurrently, leading to complex process structures.

5.3 Emerging Research Directions

The findings suggest that questions of particular importance evolve around data
quality, event correlation, and the integration of event log-based process mining
with traditional business intelligence. While recent research starts to address
some of these challenges, in particular around data on-boarding and integra-
tion [4,6,7], as well as event correlation and object-centered process mining [3],
the free text feedback gathered from the survey points to largely unexplored ques-
tions, e.g., to the aforementioned integration of business intelligence approaches
into process mining and to the use of models as tools for event log generation
and process scoping.

6 Conclusion

The survey results presented in this paper shed some light onto challenges around
event log generation. In particular, the results allow drawing the following con-
clusions: i) process models are typically not directly executed, but rather serve
as input for enterprise software system specification and configuration, which
is obvious from an industry perspective, but is potentially a useful insight for
academia; ii) identifying process start and end, as well as event correlation is a
challenge; iii) data quality issues have an impact on event log generation; iv) clas-
sical academic questions in process discovery about process complexity, activity
ordering and process variants are practically relevant; v) event log generation
incurs indeed substantial effort and event logs are usually generated based on

4 To allude to the famous quote that “[e]ssentially all models are wrong, but some of
them are useful”, as commonly attributed to George Box.
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several relational database tables, and frequently based on data from several
backend systems; vi) data sources for event log generation are most commonly
traditional relational databases of enterprise systems whose content is sometimes
transferred into CSV format as a ‘low tech’ export/import procedure, but event-
based systems and data lakes are emerging as sources as well; vii) the mining
of control flow is practically relevant, and so is the generation of KPIs and the
integration of process intelligence and business intelligence. As a broader conclu-
sion, the survey results suggest that the role of process models in process mining
and event log generation, but also generally in architectural perspective on the
process management life-cycle, needs to be re-assessed. In particular, the results
indicate that while the connection between designed blueprint process models
and executed process instances is rather indirect than direct. Models i) play a
role in process implementation, but not as strong of a role as often assumed by
academia; ii) can be used to better inform process scoping and event correlation;
iii) can ideally combine knowledge-based and data-driven process insights.
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